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Abstract

AI systems are increasingly used to assist socially complex forms of human work,
centered on reasoning about and responding to the needs, behaviors, and intentions
of other people. For example, AI-based tools are designed to support care workers
in providing socio-emotional support or to support social service workers in mak-
ing decisions about how best to allocate scarce resources. However, in practice, such
systems often fail to meaningfully augment worker abilities. How can we design
towards more pro-worker futures for AI in socially complex work, where AI deploy-
ments truly complement and enhance worker expertise and capabilities? In my re-
search, I explore this question in close collaboration with organizations and workers
in feminized labor contexts such as social work and education, where worker expertise
has historically been devalued and misunderstood.

In the first thread of my research, I conduct field observations, design research,
experimental studies, and case study analyses to advance our understanding of why
AI for socially complex work often fails to meaningfully support workers. Across a
series of studies, I adopt a social ecological approach to explore this question at mul-
tiple levels, investigating worker-level, organization-level, and societal-level chal-
lenges, and I identify opportunities for future work to address these challenges. In
the second thread of my research, I explore the design of new processes and tools
to begin addressing these opportunities. First, I explore whether the design of new
training interfaces might help social workers learn to use AI tools more critically.
Second, I collaborate with public sector agencies and community groups across the
US to develop a new toolkit to support multi-stakeholder deliberations around pro-
posed AI projects. Finally, I collaborate with a local school social work organization
to explore how to support worker participation in the design of AI measurement
instruments (e.g., benchmarks and metrics) that capture workers’ beliefs about what
it means to meaningfully augment their work.

In sum, this thesis provides conceptual and empirical foundations to guide to-
wards pro-worker futures for AI in the workplace—specifically by identifying chal-
lenges and opportunities across multiple levels of the social ecology that interacts
with workplace AI.
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Chapter 1

Introduction

AI systems are increasingly used to assist socially complex forms of human work,
which center on workers’ abilities to reason about and respond to the needs, behav-
iors, and intentions of other people [23, 260, 443]. For example, AI-based tools have
been designed to support care workers in providing socio-emotional support [117]
or to support social service workers in making decisions about how best to allocate
scarce resources [361]. However, research has shown that, in practice, such systems
often fail to meaningfully augment and enhance workers’ abilities (e.g., [4, 113, 131,
178, 325, 425]). For example, while care robots have been deployed with hopes to
improve the efficiency of care work, care professionals have expressed that these
robots often increase their workload. Rather than alleviating worker burdens, they
required workers to take on additional responsibilities as the maintainers and opera-
tors of the robots, contributing to decreased job satisfaction and increased emotional
demands [325, 455, 456]. Similarly, in K-12 teaching, the vast majority of technolo-
gies have been designed with a focus on supporting student learning, while decen-
tering the needs and practical constraints of the teachers who are asked to use them
in their classrooms [16, 167, 178, 349]. While policymakers and developers have
long lauded these technologies’ potential to radically transform K-12 education, re-
searchers have often found that the design of some technologies (e.g., intelligent tu-
toring systems) conflicts with teacher’s pedagogical responsibilities (e.g., maintain-
ing a cohesive learning environment), leading some teachers to abandon them [178,
427].

In my research, I explore how we can design toward more positive futures for AI
and workers in socially complex work, where AI systems truly enhance workers’ ex-
pertise and capabilities. My research is grounded in close collaborations with real-
world organizations and workers who are either currently using or exploring the
use of AI-based tools to support socially complex work. In particular, my work has
focused on AI in feminized labor contexts such as social work and education, where
worker expertise has historically been devalued and misunderstood [114, 125]. Be-
low, I overview two threads of my work: (1) Understanding why AI systems often
fail to meaningfully support workers in socially complex work (Chapters 2 - 4); and
(2) Designing new processes and tools to address these challenges (Chapters 5 - 7).

1.1 Understanding why AI systems often fail to meaning-
fully support workers in socially complex work

In the first thrust of my research, I investigate why AI deployments for socially com-
plex work often fail to meaningfully augment worker abilities in practice. I adopt
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a social ecological approach [6] to study this question across multiple levels, inves-
tigating worker-level, organization-level, and societal-level challenges, and their in-
terplay.

Worker-AI Interaction: How social workers make AI-assisted decisions. I started
the first year of my PhD studying how social workers at Allegheny County’s Depart-
ment of Human Services were using an AI-based risk assessment tool to make child
maltreatment screening decisions (Chapter 2). I conducted 37.5 hours of contextual
observations and semi-structured interviews with 13 social workers to understand
their day-to-day practices and challenges around integrating AI-based predictions
into their assessments of child maltreatment referrals (Chapter 2). Overall, while
much past research in HCI has emphasized the role of trust in shaping workers’ re-
liance on AI outputs (e.g., [20, 46, 261]), I found that workers’ use of AI predictions
in this context was shaped by much more than trust. In particular, it was guided by
an interconnected set of model, interface, and organizational factors, from workers’
access to rich, contextual information about the child maltreatment referrals that the
AI model did not have access to, and their awareness of misalignments between the
AI model’s predictive target versus their own decision-making objectives, to organi-
zational pressures to agree with the AI tool’s output most of the time. While prior
reports on the AI tool’s effectiveness and impacts touted improved decision-making
performance and positive worker experiences (e.g., [436]), I was surprised to find
that workers themselves viewed the AI tool as a missed opportunity to meaning-
fully augment their own work. Through complementary quantitative analyses of
administrative log data on workers’ past AI-assisted decisions, we found further ev-
idence that retaining and augmenting worker expertise in this setting is valuable:
By leveraging their understanding of case-specific context to interpret and disagree
with potentially biased outputs, workers were able to mitigate potential racial dis-
parities in the AI tool’s outputs (Chapter 2.7). To understand how alternative AI
interface and model designs might better augment workers’ practices, we generated
a range of design concepts based on our observations and interviews studies (Chap-
ter 2.14.3). While the study led to insights around how different ways of augmenting
the AI tool may make the AI tool’s predictions more interpretable to workers, I also
observed that many issues workers perceived in the AI tool were reflections of fun-
damental design flaws (e.g., poor assumptions underlying statistical prediction, like
the validity of inference based on historical cases) that could not be addressed with-
out fully redesigning the AI tool.

Overall, my research in Chapter 2 centers workers’ practices, challenges, and per-
ceptions of the AI tool, and in the process, also sheds light onto how broader or-
ganizational factors shape their use of AI. After conducting these studies, one of
the questions I felt most pressed to ask required a deeper understanding of these
organizational factors: How do public sector organizations come to decisions about
whether and how to design and adopt these kinds of AI tools in the first place? While
there was a growing body of academic and grey literature documenting cases of AI
failure in similar workplace settings, we had minimal understanding of how such
foundational decisions were made in the first place.

Organization-AI Interaction: How public sector agencies make AI adoption deci-
sions. To understand how decisions to adopt and design AI in high-stakes, complex
social decision-making settings (e.g., social work) are made in the first place, in my
next project, I adopted the anthropological practice of “studying up” [302] those in



Chapter 1. Introduction 3

positions of decision-making power at four public sector agencies across the United
States (Chapter 3). Through semi-structured interviews and design activities with
16 agency decision-makers (e.g., agency leadership, AI practitioners), I developed an
understanding of how decisions to adopt AI are shaped by their interactions with and
assumptions about other stakeholders within these agencies (e.g., frontline workers),
as well as those above that provide policy guidance and resources (legal systems and
contracted companies), and those below that they intend to serve (impacted commu-
nities). By examining broader power structures and communication barriers across
different stakeholder groups, this work surfaced future opportunities for research,
design, and policy to support organizations in making better-informed AI adoption
decisions.

So far, my research (in Chapter 2 and 3) has focused on AI in human services. As
I reflected on my findings in conversations with other researchers who study AI de-
velopment and deployment in different work contexts, I began to observe an emerg-
ing pattern: While many of my findings were strange and unfamiliar to researchers
who studied AI systems used by high-status workers such as doctors or judges, re-
searchers who studied AI deployments in occupations like K-12 teaching and home
healthcare recognized commonalities with their contexts. This led me to ask: How
might broader societal forces impacting workers—in particular, the historical deval-
uation of worker expertise in certain occupations—shape AI design, evaluation, and
governance practices, in ways that contribute to AI failures? I explored this question
in my next project.

Society-AI Interaction: How societal devaluation of worker expertise shapes AI
practices. In my final project under Thread 1, I brought together a team of re-
searchers with experience studying AI development and deployment in a range of
feminized labor contexts, following conversations that revealed common, recurring
dynamics across the contexts we studied (Chapter 4). Working with this team, I con-
ducted a focused review of academic and grey literature on AI deployments across
three feminized labor contexts in the United States (social work, K-12 education, and
home healthcare), where work has historically been labeled as “women’s work,”
and continues to be predominantly performed by women and people of color typi-
cally in low-status positions within organizations [e.g., 77, 83, 84, 414]. This review
led to a conceptualization of AI Failure Loops: recurring patterns of failure in the
design, evaluation, and deployment of workplace AI systems, in which the deval-
uation of worker expertise leads to ineffective AI deployments—and those failed
deployments, in turn, further erode recognition of workers’ skills and expertise. By
articulating why and how AI Failure Loops emerge, I make the argument that work-
ers engaged in devalued labor are especially vulnerable to flawed AI deployments.
These AI deployments not only fail to reflect the complexity of workers’ labor, but
can also further obscure and erode the visibility of workers’ expertise, creating a
negative feedback loop that deepens occupational devaluation. Based on my analy-
sis of past case studies and the concept of AI Failure Loops, I identify opportunities
for future research and design to break the loop and avoid these pitfalls.

1.2 Designing processes and tools to engage worker exper-
tise in AI development and deployment decisions

The second thread of my research builds upon the understandings developed in the
first thread by demonstrating what alternative approaches to AI development and
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deployment might look like, to help avoid such failures. A common finding across
my research in prior chapters is that current AI development practices—whether
decisions made during problem formulation or measurement decisions made when
evaluating an AI system—often reflect misunderstandings of workers’ practices and
expertise. This creates barriers to the design and deployment of AI systems that
meaningfully augment worker expertise in the context of socially complex work. To
address these issues, the second thread of my research focuses on designing novel
workflows and processes that can empower workers to shape aspects of AI design,
evaluation, and deployment that would otherwise remain opaque and inaccessible
to them. I explore how to do this through interventions at multiple points across the
AI pipeline: AI use in deployment, AI adoption and governance, and AI measure-
ment.

Improving AI Use: Preparing workers to situate AI predictions against their own
complementary knowledge. My research from Chapter 2 showed how workers’
use of complementary information that the AI model could not access was critical
in allowing them to make more informed decisions about whether or not to agree
with AI model outputs. Workers learned how to combine complementary infor-
mation sources on their own, through experience making high-stakes, AI-assisted
decisions on the job. I wondered whether it would be possible to train workers to
make more informed decisions prior to using an AI tool in an actual field setting,
through low-stakes, simulation-based training. Previous chapters of my research
revealed that existing measurements used to evaluate the “accuracy” of AI-assisted
worker decision-making (and therefore to evaluate worker “under- or over-reliance”
by conventional means) could be misleading due to two assumptions that often do
not hold in complex, social decision settings: (1) The availability of a single, reli-
able “ground truth” label that cleanly maps to both the AI’s predictive target and
workers’ decision-making goals [80, 149], and (2) information symmetry between
an AI model and workers, where the two have access to the same set of information
when making decisions [160, 172]. Therefore, to understand how to train workers
towards better calibrating reliance on AI, I first introduce the concept of critical use—
a process-oriented notion of appropriate reliance that emphasizes workers’ ability to
situate AI predictions against potentially complementary knowledge uniquely avail-
able to them. I then explore how the design of novel training interfaces can support
workers in making more critical use of AI-based risk predictions, using a random-
ized online experiment with 354 participants. I find that, by providing participants
with accelerated, low-stakes opportunities to practice AI-assisted decision-making
in this setting, novices came to exhibit patterns of disagreement with AI that resem-
ble those of experienced workers. Overall, our findings surface opportunities for
future work to design more effective training interfaces for AI-augmented work in
socially complex settings, for example, through the design of improved feedback
mechanisms.

Improving AI Governance: Engaging more diverse expertise in AI adoption and
governance decisions. As Chapters 2 and 3 describe, many workplace AI fail-
ures can be traced back to the earliest stages of design, such as ideation and prob-
lem formulation, where inappropriate assumptions are made about workers’ prac-
tices and needs, relevant technical and organizational constraints, and other factors.
The knowledge and perspectives required to guide more informed assumptions is
distributed across different stakeholders—including frontline workers, in-house AI
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practitioners, organizational leaders, and impacted community members. How-
ever, as discussed in 3, in public sector agencies, most of these stakeholder groups
are excluded from formative decision-making. To explore how to support organi-
zations in making better-informed decisions about whether and how to move for-
ward with a proposed AI tool in the first place, I collaborated with stakeholders
across four public sector agencies and three community organizations in the US.
Through semi-structured interviews and co-design activities, we developed the Sit-
uate AI Guidebook—a toolkit designed to bring frontline workers, agency leadership,
and AI practitioners together through early-stage deliberations around whether and
how to move forward with a new idea for a public sector AI tool, based on ques-
tions around the goals and intended use of the proposed AI tool, societal and legal
considerations, data and modeling constraints, and organizational governance fac-
tors (Chapter 6). Overall, the resulting set of deliberation questions raised a range
of considerations–from centering community needs to addressing potential agency
biases, given their positionality–that surface unique considerations for supporting
better-informed early-stage design decisions in public sector contexts.

Improving AI Measurement: Enabling workers to shape AI measurement ap-
proaches. Across most chapters of my research (Chapters 2– 5), AI challenges in
deployment could be traced back to measurement assumptions—made when trans-
lating from abstract, latent concepts to practical approaches and instruments for
measuring those concepts, such as metrics, benchmarks, and LLM-based evalua-
tors [5, 201, 442]. For example, in Chapters 2– 4, I observe how AI-based decision
support tools (and their evaluations) in social work are frequently built on invalid
measurement assumptions from worker and community perspectives. While social
workers aim to assess immediate safety risks to a child, AI tools are designed to pre-
dict the long-term risk that a child will be removed from their home by child services
(Chapter 2). These types of measurement issues are pervasive across AI deploy-
ment contexts, for example, in social media recommendation platforms [157, 402]
and in the design of benchmarks for NLP technologies [268]. The final chapters of
my research (Chapter 7) asks the following question: How can we empower non-
AI-expert stakeholders, including workers, to shape the measurement decisions un-
derlying AI systems? While exploring related literature on this question, I began to
find examples of methodological approaches for stakeholder participation in mea-
surement design (not limited to the context of AI or other technology development)
across a range of disciplines—from the social and life sciences, to philosophy of sci-
ence. My first project in this line of inquiry draws methodological lessons from this
broader multidisciplinary literature on participatory measurement design (Chap-
ter 7). Based on a multidisciplinary review of existing approaches, I synthesize a
methodological framework for stakeholder participation in measurement design.
Through an analysis of trends in existing approaches, I identify opportunities for
future research to advance participatory approaches to AI measurement. My second
project in this direction empirically explores some of these opportunities in the con-
text of AI measurement for AI-augmented work (Chapter 7.9). In particular, I form
a partnership with a local school social work organization to explore how to sup-
port worker-driven AI measurement—where workers collaboratively shape decisions
about which tasks the AI system augments, what “successful” augmentation means
for those tasks, and how it should be measured. Through an iterative series of work-
shops, I engage workers in developing a benchmark (LLM-as-a-judge system and
test cases) that captures their understanding of what it means for an AI system to
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critically challenge workers’ thinking in their specific organizational and work con-
text. Reflecting on our case study, I discuss opportunities for future work to design
improved workflows and tools to scaffold worker-driven AI measurement.

1.3 Summary

Overall, my thesis research (1) expands socio-technical understandings of why work-
place AI deployments in socially complex work settings often fail to meaningfully
augment worker practices. I place this understanding in conversation with prevail-
ing approaches to designing, evaluating, and governing AI systems to (2) identify
concrete opportunities to improve AI practices for developers, deployers (e.g., pub-
lic sector agencies), and users (e.g., frontline workers). And I also address some of
these opportunities by demonstrating how (3) new processes and tools can empower
worker participation across multiple points of the AI pipeline. In reflecting on my
past research and design experiences, I make two main arguments:

Thesis statement

First, it is uniquely challenging to design pro-worker AI for socially complex
work. Doing so requires taking a multi-layered approach, by developing
an integrative understanding of how AI practices shape and are shaped by
individual worker, interpersonal, organizational, and societal systems and
structures.

Second, to design towards positive futures for AI in socially complex work,
workers themselves must be empowered as expert collaborators in defining
what it means and looks like to meaningfully augment their abilities.
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Chapter 2

Worker-AI Interaction

These chapters are taken from the following papers:

Anna Kawakami, Venkatesh Sivaraman, Hao-Fei Cheng, Logan Stapleton, Yanghuidi
Cheng, Diana Qing, Adam Perer, Zhiwei Steven Wu, Haiyi Zhu, and Kenneth Hol-
stein. “Improving Human-AI Partnerships in Child Welfare: Understanding Worker
Practices, Challenges, and Desires for Algorithmic Decision Support.” In Proceedings
of the 2022 CHI Conference on Human Factors in Computing Systems.

Hao-Fei Cheng*, Logan Stapleton*, Anna Kawakami, Venkatesh Sivaraman, Yanghuidi
Cheng, Diana Qing, Adam Perer, Kenneth Holstein, Zhiwei Steven Wu, and Haiyi
Zhu. “How Child Welfare Workers Reduce Racial Disparities in Algorithmic De-
cisions.” In Proceedings of the 2022 CHI Conference on Human Factors in Computing
Systems.

Anna Kawakami*, Venkatesh Sivaraman*, Logan Stapleton, Hao-Fei Cheng, Adam
Perer, Zhiwei Steven Wu, Haiyi Zhu, and Kenneth Holstein. “‘Why Do I Care
What’s Similar?’ Probing Challenges in AI-Assisted Child Welfare Decision-making
Through Worker-AI Interface Design Concepts.” In Proceedings of the 2022 ACM De-
signing Interactive Systems Conference.
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Worker-AI Interaction, Part 1

How Workers Make AI-Assisted Decisions

This chapter is taken from the following paper:

Anna Kawakami, Venkatesh Sivaraman, Hao-Fei Cheng, Logan Stapleton, Yanghuidi
Cheng, Diana Qing, Adam Perer, Zhiwei Steven Wu, Haiyi Zhu, and Kenneth Hol-
stein. Improving Human-AI Partnerships in Child Welfare: Understanding Worker
Practices, Challenges, and Desires for Algorithmic Decision Support. In Proceedings
of the 2022 CHI Conference on Human Factors in Computing Systems.

Abstract. AI-based decision support tools (ADS) are increasingly used to augment
human decision-making in high-stakes, social contexts. As public sector agencies
begin to adopt ADS, it is critical that we understand workers’ experiences with these
systems in practice. In this paper, we present findings from a series of interviews
and contextual inquiries at a child welfare agency, to understand how they currently
make AI-assisted child maltreatment screening decisions. Overall, we observe how
workers’ reliance upon the ADS is guided by (1) their knowledge of rich, contextual
information beyond what the AI model captures, (2) their beliefs about the ADS’s
capabilities and limitations relative to their own, (3) organizational pressures and
incentives around the use of the ADS, and (4) awareness of misalignments between
algorithmic predictions and their own decision-making objectives. Drawing upon
these findings, we discuss design implications towards supporting more effective
human-AI decision-making.
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2.1 Introduction

AI-based decision support tools (ADS) are increasingly used to augment human
workers in complex social contexts, including social work, education, healthcare,
and criminal justice [95, 147, 169, 182, 261, 459]. These technologies promise to fos-
ter better, more equitable decision outcomes by helping to overcome limitations and
biases in human judgments [74, 209, 261]. At the same time, AI-based judgments are
themselves likely to be imperfect and biased, even if in different ways than humans
[95, 226, 261, 439]. Given the potential for humans and AI systems to build upon
each others’ strengths, and to compensate for each others’ limitations, a growing
body of research has sought to design for effective human–AI partnerships: configu-
rations of humans and AI systems that can draw upon complementary strengths of
each [20, 95, 169, 213, 416]. Yet to date, little is known about what factors might fos-
ter or hinder effective human–AI partnerships in practice, across different real-world
contexts.

In this work, we investigate how social workers at a US-based child welfare
agency currently make AI-assisted child maltreatment screening decisions in their
day-to-day work. In one form or another, AI-based decision supports are antici-
pated to play an important role in the future of child welfare decision-making [42,
74, 306, 354, 361]. Yet the use of ADS in child welfare remains contentious, and it
is unclear what forms of human–AI partnership might be most effective and appro-
priate in this context [42, 74, 194, 199, 359]. While some prior work has focused on
understanding families’ and other affected community members’ perspectives and
desiderata for the use of ADS in child welfare [42, 64], almost no research has inves-
tigated workers’ experiences working with these systems in practice.

We present findings from a series of interviews and contextual inquiries with
child maltreatment hotline workers, aimed at understanding their current practices
and challenges in working with an ADS day-to-day. We examine the use of the
Allegheny Family Screening Tool (AFST). The AFST was deployed in Allegheny
County in 2016, to assist child maltreatment hotline workers in assessing risk and
prioritizing among referred cases [74, 436]. The AFST context has been frequently
studied in recent years (e.g., [64, 74, 95, 429]), and public sector agencies are begin-
ning to look to the AFST as an example of what AI-assisted decision-making can or
should look like in child welfare and similar contexts [354]. However, most prior
research on the AFST has relied on retrospective quantitative analyses of workers’
decisions, without an understanding of how workers actually integrate the AFST
into their decision-making on-the-ground. In this work, we focus on understanding
how workers currently use the AFST in their day-to-day work, and what design op-
portunities exist to support more effective AI-assisted decision-making. We explore
the following research questions:

1. How do workers decide when, whether, and how much to rely upon algorith-
mic recommendations?

2. What limitations and future design opportunities do workers perceive for the
AFST or future ADS tools?

We found that, although the AFST had been in use for half a decade, the system
remained a source of tension for many workers, who perceived the system’s current
design as a missed opportunity to effectively complement their own abilities. As
a step towards the design of new forms of human-AI partnership in child welfare,
we engaged these practitioners in envisioning how future technologies might better
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support their needs. In the remainder of this paper, we first provide a brief overview
of related work and describe the child welfare decision-making context in which
this work is situated. We then describe our contextual inquiries, semi-structured in-
terviews, and analysis approach. Based on our analysis, we present rich findings
capturing workers’ current practices and challenges in working with the AFST. We
discuss how workers’ reliance upon the AFST is guided by (1) their knowledge of
rich, contextual information beyond what the AI model captures, (2) their beliefs
about the ADS’s capabilities and limitations relative to their own, (3) organizational
pressures and incentives that they perceive around the use of the ADS, and (4) work-
ers’ awareness of misalignments between the ADS’s predictive targets versus their
own decision-making objectives. Based on our findings, we present directions for fu-
ture research and design implications towards supporting more effective human-AI
decision-making in child welfare and beyond. Taken together, this work contributes
to ongoing discussions in the literature (e.g., [12, 182, 359]) regarding the need for a
broader re-consideration of how ADS should be designed, evaluated, and integrated
into public sector contexts.

This work represents the first in-depth qualitative investigation in the literature
of workers’ current practices and challenges in working with the AFST. Overall,
our findings complicate narratives from prior academic and grey literature regard-
ing how the AFST fits into workers’ day-to-day decision-making. We expect that
the kinds of challenges discussed throughout this paper are not uncommon across
AI-assisted public sector decision-making contexts. However, it is uncommon for
public sector agencies to open their doors to researchers. We recognize Allegheny
County for their strong commitment to transparency, for allowing researchers to
closely observe their practices, and for their receptiveness to exploring ways to im-
prove their current practices. We hope that this approach will become a norm in the
design, development, and deployment of public sector ADS more broadly.

2.2 Background and Related Work

2.2.1 Designing effective human-AI partnerships

As AI systems are increasingly used to support human work across a range of high-
stakes decision making contexts, a growing body of research has sought to design
for effective human–AI partnerships: configurations of humans and AI systems that
draw upon complementary strengths of each [20, 95, 169, 213, 416]. To date, scien-
tific and design knowledge remains scarce regarding what factors foster or hinder
effective human–AI partnerships in practice, across different real-world contexts. In
some studies, human and machine intelligence combined has been shown to out-
perform either humans or AI alone [20, 179, 321], while in others human–AI part-
nerships have failed to improve or have even harmed decision quality, for various
reasons [147, 328]. For instance, a long line of literature demonstrates that humans
are often either too skeptical of useful ADS outputs or too reliant upon erroneous or
harmfully biased AI outputs (e.g., [47, 102, 147, 258]. Much recent research has
utilized large-scale crowd experiments on platforms such as Amazon’s Mechanical
Turk, to investigate how people integrate algorithmic predictions and recommenda-
tions into their decision-making (e.g., [20, 47, 328, 416]). However, experiments with
crowdworkers performing simulated tasks may be limited in what they can teach
us about decision-making in complex real-world decision contexts such as in social
work, criminal justice, education, and healthcare [275, 416].
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A complementary line of research in HCI has studied and designed for human–AI
partnerships in real-world work settings (e.g., [41, 95, 176, 182, 385, 459]). For ex-
ample, Yang et al. [459, 461] investigated why efforts to integrate AI-based decision
support tools often fail in clinical settings. Building on their findings, the authors de-
signed a radically new form of decision support that better aligned with healthcare
workers’ actual needs, routines, and organizational workflows. Similarly, through
participatory design workshops with public service (job placement) caseworkers,
data scientists, and system developers, Holten Møller et al. [182] found that while
data scientists were fixated on developing decision support tools that predicted indi-
vidual’s risk of long-term unemployment, workers desired fundamentally different
forms of decision support. As discussed in the next subsection, relatively few re-
search projects have explored how to effectively design human–AI partnerships for
social work contexts [95, 359].

2.2.2 Algorithmic decision support in child welfare

Over the past two decades, many child welfare agencies have begun incorporat-
ing computerized decision support tools into various stages of the child protec-
tion decision-making process [42, 204]. The most widely-used tools resemble sim-
ple checklists, assisting social workers in assessing the risk of a given case based
on a small set of manually-entered factors [359, 361]. Yet recent years have seen
the introduction of machine learning-based systems such as the privately-owned
Rapid Safety Feedback program, deployed in child welfare agencies across several
US states [199], and the public Allegheny Family Screening Tool (AFST) in Pennsyl-
vania [436]. These AI-based decision support tools (ADS) make use of hundreds
of features that are automatically pulled from multi-system administrative data,
promising to support more consistent, fairer decision-making, particularly given
that social workers are often operating under limited information and time pres-
sure [74]. However, critics have warned that the use of ADS in child welfare risks
amplifying harmful biases in the child welfare system (e.g., reflecting biases in the
administrative data on which they are trained and operate upon) [74, 119] or intro-
ducing absurd errors into decision processes, which humans would not otherwise
make [10, 95, 199].

Several recent attempts to deploy ADS in child welfare have failed due to con-
cerns among affected communities or among the social workers tasked with using
these systems (e.g., [199, 359]). To avoid such failures, researchers have highlighted
a need for greater community participation during the design phase for new ADS,
to ensure that concerns are identified and addressed early on. For example, Brown
et al. conducted participatory workshops to better understand the concerns of af-
fected communities, and to identify strategies for improving communities’ comfort
with ADS [42]. Similarly, Cheng et al. elicited subjective notions of fairness in child
welfare decision-making from parents and social workers across the United States—
who did not necessarily have familiarity or experience using existing ADS tools—in
order to inform the design of future ADS tools that align with these notions [64].

In contrast to this prior work, the current paper contributes to a nascent body
of practitioner-oriented research in HCI that studies the integration of existing ADS
in public sector decision-making contexts, with the goal of informing more success-
ful uses of such technologies in the future [92, 261, 359]. For example, drawing
upon an ethnographic case study with child welfare caseworkers, Saxena et al. [359]
presented a theoretically-derived framework (ADMAPS) to inform the design of al-
gorithmic decision-supports in public sector contexts. The current research takes a
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bottom-up approach, validating aspects of the ADMAPS framework, while also pre-
senting several complementary findings. Given that our work considers a machine
learning-based system that incorporates hundreds of input variables, in contrast to
the simpler algorithmic systems studied by Saxena et al, the intelligibility and trans-
parency of the ADS are key concerns in our context. In another study, De-Arteaga
et al. [95] conducted retrospective quantitative analyses of child maltreatment hot-
line workers’ decision-making while using the AFST, finding encouraging evidence
that in aggregate, social workers are able to employ their discretion [11, 266] to com-
pensate for erroneous algorithmic risk assessments. We build upon and extend this
prior work to gain an on-the-ground understanding of child maltreatment hotline
call workers’ current practices and challenges in working with the AFST day-to-day,
and to gain insight into how they may be able to compensate for algorithmic limi-
tations in practice. Towards the design of new forms of ADS and human-AI part-
nership in child welfare, we engage these practitioners in envisioning how future
technologies might better support their needs.

2.2.3 The Allegheny Family Screening Tool and workplace context

In the United States, the term “child welfare system” refers to a continuum of ser-
vice: child protection, family preservation, kinship care, foster care placements, and
adoption services. The child welfare system’s primary purpose is to keep children
safe and protect them from harm, activities typically carried out through a series of
decisions made in the screening and investigation of abuse or neglect allegations.
Its secondary purpose is to connect families to services that will improve condi-
tions in their homes, supporting children at risk. Given the number of children who
are reported for maltreatment relative to the number who enter foster care, signifi-
cant staffing resources are dedicated to the “front-end” of the system: assessments,
screenings, and investigations. At the same time, however, most investments have
focused on the “back-end” of the system, or those children removed and placed in
foster care [156]. This attention has come at the expense of other operational aspects
of the child welfare system, such as training and decision support for child maltreat-
ment hotline call screeners and supervisors, caseworkers, or other front-end work-
ers. Today, child welfare agencies in the US are typically staffed and led by social
workers who entered the workforce because they were interested in clinical, direct
practice with children and families. They do not view themselves as investigators,
nor has their professional training necessarily prepared them for the investigative
work with which they are tasked [301].

Given the volume of child maltreatment referrals, call screeners and their super-
visors struggle to make systematic use of the administrative data and case history
available to them. The stakes of the decisions these workers make day-to-day can-
not be overstated, as workers face a challenging balancing act between “erring on
the side of child safety” versus “erring on the side of family preservation” [74, 364].
As discussed above, in an effort to augment workers’ abilities to efficiently process
and prioritize among cases, child welfare agencies have begun to turn to new ADS
tools. Among the most publicized examples, and the ADS in the context of our
study, is the Allegheny Family Screening Tool (AFST). The AFST has been in use at
Allegheny County, Pennsylvania’s Office of Children, Youth and Families (CYF) In-
take/Call Screening Department since 2016, where it assists child protection hotline
call screeners in assessing risk and prioritizing among referred cases [74, 436]. Fig-
ure 2.1 illustrates the CYF screening and investigation process at Allegheny County.
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FIGURE 2.1: A high-level overview of the child maltreatment screen-
ing process at Allegheny County, illustrating when an ADS assists

call screeners’ and supervisors’ screening decisions.

From left to right: an external caller (e.g., a teacher or relative) calls a child mal-
treatment hotline to make a report, i.e., a referral. A call screener is then tasked
with recommending whether or not to screen in the report for investigation. The call
screener gathers various sources of information to run the AFST, which outputs a
score between 1 (low risk of future placement) to 20 (high risk of future placement).
Using the AFST score, the current allegation from the caller, and other information
sources from public records, the call screener makes a screening recommendation.
The call screener may either agree or disagree with a low or high AFST score, when
making their recommendation. The supervisor receives the case, along with a case
report including the call screener’s recommendation, the AFST score, and other case-
related information, to make a final decision. The supervisor may then either agree
or disagree with the call screener and/or the AFST score. If the supervisor wishes
to screen out a case for which the AFST score is 18 or higher (a mandatory screen-in
score), they must go through an override process to make their screening decision.
If the case is screened in instead, it is referred to a caseworker, who might proceed
in a number of different directions (e.g., further observation, investigation, or in-
tervention). If the supervisor finds that there is not enough information to make a
screening decision, they may send the report back to the call screener to gather more
information (e.g., by calling the reporting source).

2.3 Methods

To understand how child maltreatment hotline call screeners and supervisors inte-
grate algorithmic predictions from the AFST into their decision-making, we analyze
data from two sources: contextual inquiries and semi-structured interviews with
workers. We visited Allegheny County’s CYF where we conducted a total of ap-
proximately 37.5 hours of observations and interviews in order to both understand
workers’ current decision-making processes using the AFST and to identify design
opportunities to support more effective human-algorithm decision-making in the
future.

Over the course of two visits, spread across a two-week period, we conducted
contextual inquiries and semi-structured post-interviews with a total of nine call
screeners and four supervisors. During the contextual inquiries, we observed call
screeners taking calls, compiling case reports, running the AFST, and making screen-
ing recommendations. We also observed supervisors reviewing call screeners’ rec-
ommendations, case reports, and the AFST scores, and then integrating this in-
formation to make their final screening decisions. During each visit, members of
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our research team conducted observations and interviews with different call screen-
ers and supervisors at the Allegheny CYF office. Each call screener or supervisor
was observed and interviewed by one to two researchers, and a different set of call
screeners and supervisors was present for each of our visits. Before beginning the
observations, we provided the call screener or supervisor an overview of the study
purpose and methods and obtained their participation and recording consent. Given
that we observed and interviewed call screeners during their working hours, some
call screeners or supervisors were unable to complete all study activities. A total of
nine call screeners and two supervisors participated in the contextual inquiry (all
participants except S3 and S4), and nine call screeners and four supervisors partici-
pated in the post-interview. See Table D.1 for aggregated participant demographics.
Note that we provide this information in aggregate form to avoid making individual
workers identifiable within their workplace.

2.3.1 Contextual inquiries

Playing the role of “apprentices” shadowing a “master” to learn a trade [29], re-
searchers observed call screeners and supervisors as they performed their jobs, ask-
ing follow-up questions as needed . For call screeners, this involved observing how
they gather information via incoming calls, gather additional information through
administrative databases, fill out reports on individual cases, and make screening
recommendations with the AFST, amongst other tasks. For supervisors, this in-
volved observing how they made screening decisions using case reports and the
AFST score. When making a screening recommendation or decision, the call screen-
ers and supervisors were asked to think aloud [437] to help the researcher follow
their thought processes. To ensure minimal disruption, researchers did not ask ques-
tions when call screeners were on a call. Researchers asked call screeners and su-
pervisors questions in-the-moment, during their decision-making process (see Sup-
plementary Materials). After making a screening decision, the call screeners and
supervisors were asked any relevant follow-up questions in a semi-structured in-
terview style. In total, we observed call screeners taking 32 calls, 7 of which led to
making a screening recommendation using the risk assessment tool. The two super-
visors were observed for 1.5 hours total and made 14 screening decisions with the
risk assessment tool during that time. All call screeners and supervisors consented
to having researchers take notes on observations and interviews.

2.3.2 Semi-structured interviews

Towards the end of our contextual inquiries, we conducted a post-interview to (1)
validate our observations, (2) gain further insight into call screeners’ and supervi-
sors’ perceptions and practices around the AFST, and (3) understand design oppor-
tunities to improve decision-making with the AFST or similar ADS tools in the fu-
ture. The first iteration of our post-interview protocol consisted of five sections:
(1) participant background (e.g., educational and professional background, years
of experience working with the AFST, and experience using other algorithmic de-
cision support tools), (2) clarification and validation of findings from our contex-
tual inquiries, (3) understanding worker perceptions of the AFST, (4) understanding
worker beliefs and experiences around fairness and bias in the AFST, and (5) under-
standing where workers perceive opportunities to augment and improve tools like
the AFST. After conducting Interpretation Sessions [29] to synthesize findings from
our first visit, we iterated on the interview protocol. We added additional questions
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to probe deeper on three topics that had come up repeatedly during our first visit:
understanding how call screeners and supervisors learn about how the AFST works
and behaves, understanding how workers communicate with each other around
the AFST’s outputs, and understanding worker perceptions of the AFST’s effects
on overall screen-in rates. See Supplementary Materials for a full list of interview
questions participants were asked during each site visit.

All 13 call screeners and supervisors participated (separately) in the post-interview.
12 call screeners and supervisors consented to being audio-recorded and one con-
sented to having notes taken. The average interview time was approximately 47
minutes for the 12 call screeners and supervisors who were audio-recorded. Any
call screeners and supervisors from the first visit day who were also present during
the second visit day were asked the new questions from the iterated interview proto-
col. Three call screeners were asked questions from the original interview protocol
only, while six call screeners and four supervisors were asked questions from the
iterated interview protocol.

2.3.3 Analysis

After each visit, our research team held Interpretation Sessions [29] to collaboratively
synthesize findings from our contextual inquiries and post-interviews. Following
the two visits, we adopted a thematic analysis approach to analyze approximately
9.5 hours of transcribed audio recordings and 92 pages of notes. Following a shared
open coding session to calibrate coding granularity, each participant’s data were
qualitatively coded by two to three researchers [286]. For each participant’s data,
we ensured that at least one of the coders was the researcher who conducted the
contextual inquiry and/or post-interview with that participant. During this phase,
each coder remained open to capturing a broad range of observations in their codes,
while also keeping watch for observations related to our original research questions
and the six major sections included in the post-interview.

After resolving any disagreements amongst the coders, we conducted a bottom-
up affinity diagramming process [29] to iteratively refine and group the resulting
1,529 unique codes into successively higher-level themes. In total, this process gen-
erated four levels of themes. The first level clustered our 1,529 codes into 380 themes.
These were then clustered into 71 second-level themes, 14 third-level themes, and
four fourth-level themes.

The four top-level themes that emerged from this analysis correspond to subsec-
tion headers in the Findings section. Each top-level theme captures workers’ existing
practices with the AFST, as well as design opportunities that they perceive for the
AFST to better support their work. For example, within the fourth-level theme on
workers’ beliefs about the AFST (see Section 2.4.2), there are two third-level themes:
One focuses on workers’ strategies for gaining greater insight into the AFST’s be-
havior, while the other focuses on characterizing workers’ current beliefs about the
AFST and the impacts that these have on their day-to-day practice. The former third-
level theme includes 11 second-level themes, for example, capturing workers’ spe-
cific motivations to learn more about the AFST or describing how they collectively
make sense of the AFST model through interactions with other workers. Key find-
ings under each of our four top-level themes are presented in the next section.
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2.3.4 Ethics and Participant Safety

We assured all workers that their participation was completely voluntary and that
their responses would be kept anonymous. To ensure that workers who participated
in the study would not be identifiable within their workplace, we only report partic-
ipant demographics at an aggregate level and omit participant IDs for a small num-
ber of sensitive quotes. We acknowledge that HCI projects framed as participatory
research and design sometimes take up many hours of participants’ time, and then
yield no tangible follow-through for participants [326]. We intend to continue our
collaboration with workers and other relevant stakeholders in Allegheny County to
ensure that they can benefit from this research.

2.3.5 Positionality

We acknowledge that our experiences and positionality shape our perspectives, which
guide our research. We are all researchers working in the United States. Our aca-
demic backgrounds range across interdisciplinary fields within Computer Science,
including HCI and AI. Some of us have prior experiences studying social work con-
texts or other public-sector decision-making contexts in the United States but not
elsewhere in the world. None of us have been investigated by a child welfare agency
nor adopted or involved in the foster care system. In addition, none of us have
professional experience in child welfare. All authors except two live in Allegheny
County; the other two live in Minnesota and California. To conduct this research,
we collaborated with Allegheny County’s Child, Youth, and Families Department
as external researchers. The analysis and writing were conducted independently
from the department.

Demographic in-
formation

Participant counts

Study participa-
tion

Contextual inquiry: All participants except for S3 and
S4
Semi-structured interview: All 13 participants

Years in current
position

Call screeners: <1 year (1), 1-3 years (3), 3-5 years (1),
>= 5 years (4)
Supervisors: >= 5 years (4)

Have you ever
worked in your
current position
without the AFST?

Call screeners: Yes (4), No (4), Unsure (1)
Supervisors: Yes (3), No (1)

How long have
you worked with
the AFST?

Call screeners: Since the worker’s employment (5),
Since the AFST’s deployment (3), Unsure (1)
Supervisors: Since the AFST’s deployment (3), Unsure
(1)

Do you have prior
experience work-
ing in other social
work positions?

Call screeners: Caseworker experience (5), Other social
work-related experience (2), Undisclosed (2)
Supervisors: Caseworker experience (2), Undisclosed
(2)

TABLE 2.1: Participants’ self-reported demographics aggregated for
call screeners and supervisors.
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2.4 Results

The AFST has been described as a tool that “simply augments the human decision
whether to investigate a call alleging abuse or neglect” [67] and “does not replace clinical
judgment but rather provides additional information to assist in the call screening decision
making process” [191]. Meanwhile, HCI researchers have often expressed concern
that the presence of tools like the AFST will lead to overreliance by workers who
might place too much trust in these tools’ recommendations (e.g., [20, 47, 95, 119,
328]). Our analysis revealed a more complicated picture that is not fully captured
by either of these narratives.

In this section, we present our findings across four subsections, each of which
corresponds to one of the four top-level themes that emerged through our analysis.
We first discuss how workers calibrate their reliance on the AFST by drawing upon
rich, contextual information beyond what the AI model is able to capture (Section
2.4.1). Then, we discuss how workers’ beliefs about the AFST both shape and are
shaped by their day-to-day interactions with the tool (Section 2.4.2). We next dis-
cuss the impacts that organizational pressures and incentive structures may have on
workers’ reliance, independent of their trust in the technology itself (Section 2.4.3).
Finally, we discuss how workers adjust their use of the AFST based on their knowl-
edge of misalignments between the AFST’s prediction task and their own decision-
making task as human experts (Section 2.4.4).

Throughout this section, call screeners are identified with a “C,” and supervisors
are identified with an “S.” For a small number of sensitive quotes, participant IDs
are omitted to provide an additional layer of anonymity.

2.4.1 How workers calibrate their reliance on the AFST based on knowl-
edge beyond the model

In our contextual inquiries and interviews, we observed that workers calibrated their
reliance on algorithmic recommendations by drawing upon their own knowledge
of a given referred case, which often complemented the information captured by
the AFST model. Much prior research on human-AI decision-making has focused
on settings where the AI system has access to a superset of the task-relevant in-
formation available to the human [20, 95, 275]. Yet in many real-world decision-
making settings, humans and AI systems may have access to complementary sources
of information, opening potential for each to help overcome the other’s blindspots
[11, 169, 235]. Our qualitative findings validate hypotheses posed in earlier work
by De-Arteaga et al. (2020). Through retrospective quantitative analyses of work-
ers’ decision-making with the AFST, these authors found that workers were able
to reliably detect and override erroneous AFST recommendations. To explain how
workers were able to do this, the authors speculated that the workers may have
been cross-checking algorithmic outputs against other relevant information that was
available to them but not to the AFST model [95]. Our observations lend credence
to this hypothesis: we found that to inform their screening decisions, workers paid
close attention to qualitative details which were reflected neither through adminis-
trative data nor through manual inputs that workers are able to provide to the AFST.

Based in part on phone conversations with individuals connected to a case, call
screeners constructed rich, causal narratives around a given case, accounting for
contextual factors that the AFST overlooks such as potential motives of the callers
who are filing a report or cultural misunderstandings that may be at play. In turn,
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call screeners often communicated such inferences to supervisors, to support their
interpretation and decision-making. Observations during our contextual inquiries
revealed that, when triangulating across multiple sources of information, call screen-
ers frequently reasoned about possible causes behind the evidence they were seeing.
For example, as discussed below, workers reasoned about whether a string of re-
referrals for a given case (which can increase the AFST risk score [436]) may have
been caused by parents repeatedly reporting one another in the midst of a dispute,
rather than indicating actual risk to a child. Similarly, workers did not only consider
the statistical risk that a factor might pose to a child in theory, as the AFST does, but
also reasoned about the plausibility that this risk would be realized in a specific case.
For example, in one instance we observed, a call screener saw that a parent had crim-
inal history in the past but a clean record over the past decade. In the context of other
indications that the parent had “started a new life,” the call screener judged that the
parent’s prior criminal history was not relevant to assessing risk. In addition, if a
worker knew that a given parent did not have any contact with a child, they would
take this information into account, disregarding potential risk factors tied to that
parent. These observations align with recent theoretical frameworks that character-
ize the role of human discretion in algorithm-assisted public-sector decision-making
[11, 359] and describe gaps between human and AI-based decision-making [253]:
call screeners were able to reason about potential causal factors based on their on-
the-ground knowledge and expertise, complementing the AFST’s use of large-scale
statistical patterns.

Both call screeners and supervisors asserted that they decide whether or not
to override the AFST primarily based on qualitative details of the allegations,
and their understanding of the social context in which those allegations are be-
ing made. As S1 put it, the decision of whether to screen-in or override a high
AFST score depends entirely on “...what’s being reported and what the allegations are.
You know, and [are] there any safety [concerns] in reference to the younger children in the
house?” (S1). Another supervisor, S2, observed that the AFST is prone to giving high
scores for cases that have been frequently referred, and emphasized the importance
of considering the allegation information alongside the AFST score, given that the
AFST “[doesn’t consider] the whole story”. Workers shared specific prior experiences
in which a high AFST score appeared to reflect a failure to account for relevant con-
text. For example, C7 shared a case in which the AFST score seemed to be high
mainly due to the erroneous inclusion of a child’s father in administrative inputs
to the AFST model. In this case, the call screener was aware that the father was in
jail, and in fact had no contact with the child. Based on this knowledge, and an ab-
sence of other evidence of immediate safety concerns, workers chose to override the
AFST. In a different case, the AFST provided a low risk score, but workers decided to
screen-in the case based on concerning details in the caller’s allegations, pertaining
to a relative who was visiting with the child. In this case, the AFST was not aware
that the relative was visiting, and was unable to factor in the potential safety risk
that the relative posed to the child.

We observed that workers also frequently took into account the social context in
which a set of allegations were being made. For instance, when making screening
decisions, workers reasoned about the relationship of the caller making an allegation
to the child, the family, and the alleged perpetrators, as well as the caller’s cultural
background and potential motivations. During our contextual inquiries, a few call
screeners encountered cases that they believed had high AFST scores mainly because
these cases had been re-referred several times, not because the child was truly in any
danger. Rather, based on their phone conversations with individuals connected to a



22

case, these call screeners believed that these multiple re-referred cases represented
“retaliation reports” (e.g., parents repeatedly reporting one another in the midst of
a dispute) or cross-cultural misunderstandings on the part of the caller (see Section
2.4.2).

In contrast to workers’ focus on details of the allegations, the AFST is only
able to account for the current allegations at a coarse-grained level. The AFST fac-
tors in a categorical “allegation type” variable, taking into account the broad types of
allegations made in both current and past referrals. For example, workers can select
whether the allegation in a given case maps to categories such as “Child Behaviors,”
“Caregiver Substance Abuse,” “No/Inadequate Home,” “Neglect,” “Physical Alter-
cation,” or “Parent/Child Conflict” [436]. Workers perceived allegations related to
“Imminent Risks” or “Caregiver Substance Abuse” as posing immediate safety risks
to the child, and therefore strong indicators of potential child maltreatment; on the
other hand, they viewed allegations related to “Parent/Child Conflict” as requiring
more context, given that not all forms of conflict between parents and their children
are necessarily cause for alarm, and cross-cultural differences may influence how
conflicts are perceived.

The inclusion of categorical variables that capture aspects of the allegations was
added to the AFST in 2018, in response to workers’ desires to have allegation infor-
mation factor into the AFST’s risk score calculation [436]. However, given a fixed set
of allegation types available for workers to select, workers are currently limited
in their ability to communicate relevant contextual knowledge to the model via
this mechanism. As such, the inclusion of “allegation type” variables does not elim-
inate the need for workers to calibrate their reliance on the model based upon their
personal knowledge of a case. Despite these limitations, it is worth noting that alle-
gation type is currently one of the few places in a referral where call screeners have
discretion to influence the risk assessment score based on their own interpretations.
Workers desired the ability to better incorporate their knowledge of relevant context
into the score calculation. For example, C3 proposed that it would be helpful if they
could leverage their knowledge of case-specific context to explore counterfactuals,
by “[removing] some things out of the score [... to] kinda play with it and say, ‘if you take
this out of there, what kind of score would this person get?’ ”

We next discuss how workers’ perceptions of the AFST’s capabilities and limi-
tations, including its inability to account for many qualitative details of individual
referrals, impact how they work with the AFST.

2.4.2 How workers’ beliefs about the AFST shape and are shaped by their
day-to-day use of the algorithm, in the absence of detailed training

Given limited formal opportunities to learn how the AFST works, we found that so-
cial workers improvised ways to learn about the AFST’s capabilities and limitations
themselves—both individually, through their day-to-day use of the tool, and collec-
tively, by sharing their observations and inferences about the tool between workers.
In turn, the beliefs that workers develop about the AFST play a major role in shap-
ing how they work with (and around) the algorithm. Below, we first describe how
workers attempt to learn about the AFST’s capabilities and limitations, and discuss
their desires for opportunities to learn more about how the AFST works. We then
present aspects of workers’ mental models of the AFST—i.e., the internal representa-
tions or systems of beliefs that they build up through experience, which they use to
understand, explain, and predict algorithmic behavior, and then act accordingly [18,
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36, 236, 242]—and we discuss the impacts that these beliefs have on their decision-
making and communicative practices around the AFST.

How workers (try to) learn about the AFST’s capabilities and limitations through
day-to-day use of the tool

Despite having used the AFST day-to-day for multiple years, we found that most
call screeners and supervisors know very little about how the AFST works or what
data it relies upon. In one instance, a call screener (C3) turned to the interviewer
to ask if they knew how the AFST worked, hoping that they could answer their
longstanding questions about what features the AFST uses. Workers described re-
ceiving surface-level procedural training on how to run and view the AFST score a
number of years prior (S1, S2, S3, C3, C8, C2), but few could recall being presented
with authoritative information on details such as the predictive features used by the
AFST, or how these features were weighted. Moreover, workers’ understanding is
not aided by the AFST interface, which simply provides a numerical risk score or a
mandatory screen-in/out message.

While Allegheny County is outwardly transparent about the AFST’s design and
development process, with public-facing materials and documentation published on
the web (e.g., [189, 436]), workers are intentionally provided with minimal infor-
mation about the AFST model to discourage ‘gaming the system’ behavior. That
is, the designers and administrators of the AFST had worried that if too much trans-
parency were provided to workers, this might enable workers to strategically ma-
nipulate data inputs used by the algorithm, in order to get a desired output. While
this is a real concern in algorithm-assisted child welfare decision-making contexts
[359], we observed that given minimal information about the AFST’s capabilities,
limitations, and overall functioning, workers took matters into their own hands,
improvising ways to learn more about the tool themselves.

Through their day-to-day interactions with the AFST, workers built up intuitions
about the AFST’s behavior and hypotheses about its limitations and biases. For ex-
ample, call screeners described a collaborative, game-like approach to predicting
AFST scores, recalling past occasions where call screeners would informally “gamble
on what this score’s gonna be” (C7).

“What we do is we have to research everything and. . . start up a report. And
then I see, ‘Oh, wow. They have a lot of history. Oh, they’ve got this going on
and they have that going on... ’ So then I’ll say, I bet this score’s gonna be. . . ”
(C3)

In addition to honing their ability to predict AFST scores through these guessing
games, workers would sometimes discuss the AFST score for a given case amongst
themselves, in order to collaboratively make sense of it. Workers did so informally,
even though the screening protocol officially assigns only one call screener and one
supervisor per case. Describing their open workspace and collaborative decision-
making process, C8 said “I hear everything [...] we’re sitting on each other’s laps”. Sim-
ilarly, S1 explained that “it’s not like we all work in a little bubble [...] If we’re struggling
with something, we will [...] have a little, brief discussion [...] We say, ‘Well hey, this score
is saying it’s a 19, but we don’t really see anything on this page based on these allegations
that says it should be a 19.”’
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Workers also developed strategies to gain a more direct window into the AFST’s
behavior. For example, in order to learn more about the impacts that particular fac-
tors have on the AFST score, both call screeners and supervisors described comput-
ing scores on slightly different versions of the same referral data and then compar-
ing them to draw inferences. Given that the AFST reads from saved referral records,
workers cannot significantly modify its inputs without sacrificing thoroughness or
accuracy of documentation. However, they can still gain some insight into the im-
pacts that particular factors may have on the score by making small adjustments.
For example, to understand the impact that a particular family member’s adminis-
trative records have on the AFST score, a worker might omit that family member
from the AFST score calculation, run the AFST to see the score, and then compute
another score with the family member included and compare the two scores.

Workers are frequently surprised and confused by the AFST’s behavior, and want
support in learning about the tool

Echoing prior findings from Eubanks [119], these experiences using and tinkering
with the tool enabled workers to make predictions of the AFST score that were of-
ten accurate. Yet importantly, the intuitions that workers had developed around
the AFST were imperfect: call screeners and supervisors often encountered AFST
scores that surprised them, reminding them that their understanding of the tool’s
behavior is limited. In reality, the AFST model makes predictions based on a wide
array of factors, and C6 lamented that call screeners can “constantly get into a place
where we’re assuming that [one particular factor] is what has to be driving the score.” Work-
ers shared specific instances in which their assumptions were violated. For example,
referencing a belief that the presence of many historical referrals and service engage-
ment leads to higher AFST scores (see Section 2.4.2), C2 acknowledged that “just be-
cause you have a long history doesn’t necessarily mean that you’re going to get a big score. So
we just guess that that’s potentially what it could be. I’m sure there are other factors. . . but
we don’t know for sure.” In other cases, workers found that their assumptions about
the model were violated when they observed the AFST score shifting in response to
changes in data fields that they had not previously thought the AFST took into ac-
count (C7, S3). For example, during our observation, C7 stated that the allegations
have no impact on the AFST score. However, when rerunning the AFST for an exist-
ing case with a previous “Truancy” allegation and newly added current allegations
on “Caregiver Substance Abuse” and “Neglect,” the call screener observed the score
increasing.

While workers sometimes used unexpected scores to adjust their understanding
of the model, at other times, they were simply confused when they could not iden-
tify potential causes for unexpected behaviors. For example, one supervisor (S2)
noticed the score changing seemingly at random when they ran it multiple times,
even from a 14 (moderate risk) to 7 (low risk), with no apparent changes to the algo-
rithm’s inputs. Regardless of what factors led to unexpected model behavior, these
experiences led some workers to perceive the AFST as hyper-sensitive or unreli-
able, contributing to their overall distrust of the tool (C1, C7, S2). C7 compared
the expectation that workers should use the AFST, despite lack of insight into how it
works, to blind faith: “not knowing what data’s going into it [...] it’s more of having, like,
religious faith, I guess, you know?”

Given these challenges, workers desired more opportunities to learn how the
AFST works, to empower them to work with the tool more effectively, and to help
them avoid making faulty assumptions about AFST scores in particular instances.
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As discussed in Section 2.4.3, while the AFST includes a field in which workers can
submit feedback and questions to the AFST maintainers, workers expressed that
they have rarely received responses that they personally found useful and under-
standable. Several workers believed that having greater insight into how the model
works would enable them to better judge when they can trust the score, and ulti-
mately allow them to make better use of the AFST (C3, C6, C7, C9, S3). As C3 put
it, “If we knew more about how we got to the score, I think I’d pay more attention to how
the score is going to help me”. One call screener (C6) expressed that they saw greater
transparency around the AFST score calculation as an opportunity to balance out
power imbalances: “just knowing these are the top three things influencing the score or,
you know, something to that effect. Yeah, I mean, it feels like there are ways that it could be
better integrated into the workflow [to] make it feel collaborative versus telling me what to
do” (C6).

At the time of this study, workers were interested in learning more about how
the AFST produces its risk assessment score at nearly every stage of the model’s
pipeline. For instance, although workers were aware that the AFST relies upon ad-
ministrative data that they can view through their web interface, they wanted to
know whether it also draws from other county databases, accounting for data that
they themselves cannot easily access (C2, C8, S3). Many workers also desired more
opportunities to learn about the specific factors that the AFST is using, and how
those factors are weighted (C2, C3, C6, C7, C8, S1, S2, S3). For example, workers
were interested in learning which individuals in the referral contributed to the score
and by how much (C3, C6, C8, S3), even wondering whether it was possible for de-
ceased relatives to affect the AFST’s assessment of risk to a child (C8). Beyond new
forms of training, several workers expressed desires for new decision-time interfaces
that could support their current, informal practices for learning about the AFST’s be-
havior. For example, an augmented version of the AFST interface might explicitly
support workers in rapidly exploring multiple counterfactual inputs to the AFST (cf.
[449]) in order to learn how particular factors impact the AFST score in specific cases
(C1, C6, C8, S1).

Workers’ beliefs about the factors used by AFST influence their reliance on the
score

Workers bring a range of knowledge and beliefs with them to the task of interpret-
ing an AFST score and integrating it into their decision-making, including both their
knowledge about the broader context of a case (Section 2.4.1) and their beliefs about
how the AFST score is computed (Section 2.4.2). In our contextual inquiries and
interviews, most workers referenced beliefs about how the AFST considered the fol-
lowing four factors, among others: the number of re-referrals on a case, the extent
of a family’s prior involvement with public services, the size of the family, and the
age of the alleged victim(s). During our observations, workers often made guesses
about how each of these features might be influencing the AFST score calcula-
tion in a given case, and they reasoned about whether or not a feature’s potential
influence on the score was appropriate. These inferences, in turn, informed their
perceptions of whether the score was “too high” or “too low” for a given case: “the
more you use [the AFST], you kind of pick up why it will go a certain way and you can kind
of use that in addition to what you do know to make an appropriate determination” (C1).

Many workers believed that a case with high numbers of re-referrals consis-
tently resulted in higher scores (C2, C4, C7, C9, S2). This aligns with the AFST’s use
of past referrals as a positively weighted predictive feature [436]. To illustrate, C2
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described prior experiences with “retaliation reports” in which parents in custody
battles call on each other repeatedly, generating enough referrals that “eventually, the
score is going to be ‘Accept [for investigation]’ regardless of what [the referral] is.” Workers
often used their knowledge of the allegation details to override high AFST scores
that appeared to be driven by high numbers of re-referrals (see Section 2.4.1). While
some workers understood that the “type of allegation” factored into the AFST score
(C1, S3), others were uncertain or believed that it did not have much of an impact
(C9, S1, S2). In reality, as discussed in Section 2.4.1, since 2018, the AFST model
has factored in some information about the allegation through a categorical variable
that captures broad categories of allegations for current and past referrals. Work-
ers’ beliefs about the impact of allegation information on the AFST score appeared
to influence their use of the tool. For example, one participant, who believed that
allegation type impacted the AFST score, mentioned not wanting “to go super crazy
on allegations” when entering data on the allegation type, if they thought it would
unfairly drive up the AFST score.

Workers also believed that the greater a family’s degree of involvement with the
“system” and “services”—including public mental health and other medical treat-
ment, criminal history, and welfare records—the greater the AFST score would be.
In reality, the AFST model does use behavioral health records (with a small positive
weight for substance abuse, but a small negative weight for neurotic disorders) as
well as criminal history (with positive weights for features related to whether the
victim is in juvenile probation currently or in the past year). However, the AFST no
longer uses public welfare records as of November 2018 [436]. When reviewing in-
dividual cases, workers often justified their disagreement with the AFST score with
reference to their beliefs about the AFST’S use of system involvement as part of its
score calculation. For instance, C9 explained a high AFST score for a family with
no referral history by pointing out the father’s criminal record and mother’s drug
use. Describing the limitations with quantitatively assessing system involvement as
a predictor for child maltreatment, S1 said, “If I’m someone who accesses the system,
meaning... I get public assistance, I’ve committed a crime... all that stuff stays in the system,
and that’s the driving factor for that [AFST] score, but that doesn’t mean that the subject
child in that report is being maltreated or being in danger.”

Similarly, workers believed that reports with more people in them received
higher AFST scores. Workers noticed the impact that the number of people had
on the AFST score, both within and across individual case reports. For example,
C5 said, “the more people that are involved with these families, no matter what it’s for,
the higher their score’s gonna be.” Similarly, C2 described that they often see a case’s
AFST’s score increase when they add additional people to the report: “We had one
report where the mom... never had CYF history ever before. Dad was added to the report: [the
AFST’s recommendation] was automatic screen-in because he has kids with other people who
have a long history with us.” The belief that reports with more people yield broader
AFST scores broadly aligns with the AFST model’s use of the number of children,
perpetrators, parents, and victims as predictive features [436]. However, although
the numbers of perpetrators, parents, and victims have positive feature weights, the
number of children (of all age groups, from 3 to 18) actually has a negative feature
weight.

Given that the AFST does not account for the type of relationship the perpetrator
or parent has with the victim, workers expressed concern that when more individ-
uals (along with their respective histories of system involvement) are added to the
report, the score may shift in ways that do not reflect actual changes to the child’s
actual safety risk. C8 described that workers sometimes have enough contextual



Chapter 2. Worker-AI Interaction 27

information about the individual’s relationship to the victim to assess whether in-
creases in the AFST score are justified. Other times, however, they may not know
enough and are left wondering whether the child is truly more at risk because of the
added individual:

“I feel like everybody’s got a number, all right? [...] The problem is [all the
individuals added to the report are] hooked with [the victim. . . ] And I wonder
sometimes to what degree do people who aren’t actually living in the house and
affecting the children affect the score. [...] the thing is when you’re running the
score here, we don’t know that, you know, Dad hasn’t seen little Deon since he
was 3 and he’s now 15. [...But] some of it you would know” (C8).

Similarly, when explaining why they disagreed with the AFST score’s use of number
of people as a predictive feature, C3 related the potential impact to her personal life:
“I have a niece who has three children and three fathers and she’s really a good mother. And if
a call came in on her, I’m sure it’s gonna be a high score [...] that’s the part I think is unfair.”

Finally, workers believed that younger alleged victims received higher AFST
scores. This is largely correct, as the AFST model weights infant, toddler, and preschool
victims more heavily than teenage victims [436]. Workers were also aware of a pro-
tocol in which the AFST automatically screens in high-risk referrals involving chil-
dren under the age of three. Unlike the previous factors, this one tended to align
with workers’ own assessments: in general, workers agreed that younger victims
were at greater risk than older ones (C1, C3, S2). However, workers also perceived
that older alleged victims, especially teenage victims, were sometimes given unjus-
tifiably high or low AFST scores, depending on if the person had a history of system
involvement. As a result, workers pay close attention to the reasons for referral as-
sociated with the case, alongside the alleged victim’s history of system involvement,
in order to inform or justify decisions to disagree with the AFST:

“[It is easy to identify] when the score will appear wrong [...] when we have
reports of kids that are truant. When we get a high-risk score for a kid, the only
reason why the report is being made is because the kid is truant, and truancy
doesn’t put a 15 or 16-year-old kid at high risk. And, you know, it’s based on
them pulling information from this program, this program, this program, and
that program, [which] does not impact [whether] the kid is going to school or
not.” (S1).

Beyond the features described above, some workers expressed confusion at how
the model factors in other features. For example, workers perceived that the AFST
tended to assign higher risk scores to families from underprivileged racial identities
and socioeconomic backgrounds (C1, C2, S2). However, they were unsure whether
to attribute high AFST scores to race and socioeconomic status directly, or to other
correlated features (C3, C7, C9, S1). For example, while discussing the compounding
effects of race and income, S1 said that if the AFST gives a high score: “[I speculate
it must be from disparity because if] I’m not getting money from [public assistance] the
computer can’t judge me.” (S1).

Overall, workers’ intuitions about the model reflected predictive features that
are actually used by the AFST model. However, given minimal transparency around
the model, workers sometimes inferred overly general patterns based on their ob-
servations of the AFST’s behavior, or misjudged the direction of a feature’s influ-
ence. Furthermore, the accuracy of workers’ beliefs about the magnitude of particu-
lar features’ influence remains unclear.
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2.4.3 Beyond “trust” in AI: Influences of organizational pressures and in-
centives

Prior work has often understood human reliance on algorithmic decision supports
in terms of patterns of “over-reliance,” “under-reliance,” or “appropriate reliance”,
that are shaped according to how well-calibrated an individual’s trust is in a given
algorithmic system [20, 47, 258, 328]. However, this conceptualization overlooks the
potential impacts that organizational pressures and incentive structures may have
on workers’ reliance, independent of their trust in the technology itself. In this
section, we first describe the impacts of perceived organizational pressures upon
workers’ reliance on the AFST: in many cases, workers agreed with the AFST score
not because they saw value in the tool or because they trusted the technology, but
rather because they perceived organizational pressures to do so. We then discuss
the influences of organizational incentives on workers’ motivations to disagree with
algorithmic recommendations or to provide feedback towards improving the AFST
model.

Organizational performance measures shape workers’ reliance on algorithmic rec-
ommendations

Several call screeners and supervisors perceived organizational pressures to avoid
disagreeing with the AFST score “too often.” Workers had either heard about or
attended monthly meetings where an internal analytics team discusses how often
the workers override mandatory screen-in protocols. Workers shared that while they
do not know for sure whether the analytics team has a specific “acceptable” rate of
overrides, they perceived that in some months, they had crossed an unspoken line
by overriding too often. As one supervisor said, “someone’s watching to make sure
that the majority of those high risk protocols are being assigned.” Given these perceived
pressures, some call screeners and supervisors said that they will sometimes agree
with the AFST, going against their own best judgment:

“It’s not uncommon to be faced with a higher score, but the allegation that is
contained in the report is, like, a low risk kind of allegation, you know? [...] The
score is high risk protocol because of all of the other stuff that the tool runs, the
algorithm gets you a high score. [...But] there’s no safety concerns at this point.
So then the screener will say, do I have to assign this? Because it says high risk
protocol. Do I have to? So I’ll help walk through it [with them] because you
don’t want to be accused of not using the tool, because there is regular oversight
from [the] analytics team.”

Even when workers did not feel personally affected by these pressures or incen-
tives, they took them into account when reasoning about others’ motivations. For
example, when reflecting on what would motivate supervisors to disagree with call
screeners’ recommendations and align with the AFST score instead, a call screener
guessed that it may be to “align with directives from administration.”

Although some workers felt pressure to make decisions against their own judge-
ment, they expressed awareness and concern regarding the impacts their decisions
could have on both families and caseworkers. Workers believed that, if they were to
always agree with the AFST, they would have many more screen-in decisions than
necessary. When describing the extent to which the AFST may increase screen-in
rates, C5 explained “I think that if we [only followed the AFST], we’d have to hire at least
50% more [caseworkers] than we have now.” This led some workers to worry about
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the impacts increased screen-in decisions might have on caseworkers, who must fol-
low up with an investigation on all cases that are screened in. For example, during
our observations of S2, this supervisor decided to screen out a case with a middle-
range AFST score of 13, reasoning that they should avoid burdening caseworkers.
S2 explained that caseworkers have sometimes complained to them about their deci-
sions, in cases where they screened in high risk protocol cases due to organizational
pressures, against their own judgment. They expressed that the situation is “tricky”
because they cannot easily explain their decision to the caseworker, given that case-
workers do not see the AFST score. Caught between conflicting pressures from the
administration and from caseworkers, some workers wished the AFST tool would
provide not just a number, but support in justifying their decision to those whom
it would affect (C6, C7, C9, S2).

“The input does not feel like a two-way street:” Workers’ motivations to disagree
with or provide feedback on algorithmic recommendations are shaped by organi-
zational incentives

Workers’ decisions to agree with a high-risk protocol AFST score, even in cases
where they disagree, may sometimes be influenced by a desire to avoid additional
work that they perceive as unnecessary. When deciding to override a high-risk pro-
tocol, workers are required to write open-text responses describing their rationale
behind the override—a step that the AFST’s designers intended to produce friction
and promote worker reflection [436]. However, workers did not see value in this
override process, which they found tedious.

Moreover, although the open text field was partly designed to give workers an
opportunity to provide feedback on potentially erroneous AFST scores, workers
were unsure whether or how their feedback would actually be used. For instance,
one supervisor expressed discontent that they usually did not receive any acknowl-
edgement that their feedback had been read and considered, contributing to their
feeling that writing these “narratives” was a waste of their time, which unnecessar-
ily increased their workload. Another participant simply said “there’s no point” in
providing feedback on the AFST.

When workers did receive responses to feedback, they perceived that the ad-
ministration tended to discount feedback regarding potential limitations and im-
provements to the AFST. This left workers feeling that their own expertise, as hu-
man decision makers, was being undermined while the effectiveness of the AFST
was being defended. Both call screeners and supervisors said that they had received
responses that they perceived as unhelpful, dismissive, or even hostile, leading some
to “give up” on giving feedback:

“The input does not feel like a two-way street. It’s, like, we are told why we’re
wrong. And we just don’t actually understand algorithms versus, like, maybe
you [the workers] are observing something that [our algorithm] missed, you
know? [...] in the past, it’s felt like when we’ve taken advantage of that function
[to give feedback on the AFST score], it has kind of resulted in just explaining
to you why the score is actually right. [...] I think it’s kind of been a point of
conflict in the past.”

Given these experiences, workers shared that they have critical discussions about
the AFST’s behavior with their peers less often than they used to. In addition, work-
ers believed that they are now less likely to disagree with the AFST than they once
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were, having acclimated to using the tool and having given up on the idea that their
feedback can contribute meaningfully to improving the tool’s usefulness.

So far, we have described how workers’ trust and reliance upon the AFST is
influenced by organizational decisions relating to model transparency, choices of
performance measures, and processes for overriding or providing feedback on algo-
rithmic recommendations. In the next section, we describe how decisions about the
design of the AFST model itself influenced workers’ perceptions and practices with
the tool.

2.4.4 Navigating value misalignments between algorithmic predictions
and human decisions

Workers often described differences between the criteria that they personally use to
make decisions (ensuring that children are safe in the near term) versus the targets
that the AFST predicts (risk of particular adverse outcomes over a two-year times-
pan). Due to these misalignments, several workers did not view the current version
of the AFST as particularly relevant to the decisions they need to make day-to-day.

Workers’ awareness of misalignments between the AFST’s predictive targets and
their own decision targets

Workers’ focus on immediate safety and short-term risk has long been a point of con-
tention with administration at the Allegheny DHS, and it has often been attributed
to a lack of trust in the AFST. For example, in a 2018 interview, a DHS deputy di-
rector expressed that screeners “want to focus on the immediate allegation, not the child’s
future risk a year or two down the line [...] Getting them to trust that a score on a com-
puter screen is telling them something real is a process” [194]. While this narrative aligns
with some of our findings, we found that workers’ concerns around these misalign-
ments extend well beyond a lack of trust in the underlying technology. Some
workers disagreed with the very idea of making screening decisions based on pre-
dictions of longer-term risk, perceiving this problem formulation as fundamentally
misaligned with their roles and responsibilities. Other workers viewed the AFST’s
focus on longer-term outcomes as complementary to their own focus on immediate
safety concerns. However, while these workers were open, in theory, to the idea of
factoring in longer-term risk into their decision-making, they felt confused about
how exactly they were expected to do so in practice.

Both supervisors and call screeners described that they make decisions based on
evidence of immediate risks to a child’s safety, in contrast to the algorithm’s focus
on predicting longer-term risk. One supervisor, S2, worried that call screeners may
interpret the AFST score as predicting “risk” without considering that its definition
of risk does not necessarily imply immediate safety risk to a child. However, call
screeners exhibited some awareness of the AFST’s notion of risk. For example, one
call screener noted that:

“There are times where [knowing] the risk of removal within two years is not
feeling like it’s super relevant to the decision that is needed. And it [has] very
little to do with immediate safety or anything like that.”

Most workers expressed that the AFST plays a relatively minor, non-driving
role in their decision-making processes, overall. When explaining why they avoid
relying on the algorithm, these workers invoked not only the AFST’s perceived lim-
itations (described in Section 2.4.2), but also concerns about the outcomes that the
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tool predicts. For example, C6 shared that they sometimes feel that their personal
goals of keeping children safe clash with the algorithm’s prediction targets: “it just
has always felt like the risk of removal in two years is inherently going to be increased by our
involvement, because we’re the only ones that can remove the children.” They also worried
about possible contradictions between the advertised goals of the AFST versus its
use of proxy targets such as re-referral and placement:

“To me, the tool has always been described as something to identify the families
that might typically slip through the cracks or that wouldn’t be most obvious
upon initial assessment [...] Like, those families [that are frequently investigated
because of the AFST every time they are referred] are not [the] ones that are
slipping through the cracks and they’re tripping on every single crack that they
seem to encounter.” (C6)

Some workers went so far as to claim that they never change their decisions
based on the AFST score. For example, C4 said, “I look at the score. I often, you know,
am in agreement with it. I think it, you know, does a good job trying to pull everything
together and come up with the best possible solution with the score. [...] No [the AFST score
does not change my recommendation]. I decide whatever I think.” C2 simply said, “I hate
it [...] I don’t think it should have a role, period, honestly”. Others, like C6, described
that when making recommendations, “[The AFST] doesn’t feel like much more than a
nudge in one direction or the other.” With that said, observations during our contex-
tual inquiries indicate that some of these participants may be underestimating
the influence the AFST has on their decisions. For example, C1 had claimed that
“I personally, haven’t had an instance where it caused me to change my recommendation.”
However, in alignment with findings discussed in Section 2.4.3 regarding the im-
pacts of perceived organizational pressures on workers’ practices, during a contex-
tual inquiry, the worker was observed changing their screening recommendation
from screen-out to screen-in after seeing the AFST score on a referral, explaining “I
have to recommend it” because the AFST score was high (even though it was not high
enough to require a mandatory screen-in).

Worker beliefs about complementarity between the AFST and themselves

Despite their awareness of misalignments between what the AFST predicts and the
actual decisions they are trying to make, some workers saw value in using the AFST.
Although workers were aware of potential biases and limitations of the AFST, some
believed that using the AFST might help to mitigate some of their personal biases.
For example, C6 believed that the AFST score may help them mitigate their personal
biases arising from cultural differences between themselves and the family:

“I think [...] a dirty house or something like that, I feel like those are often the
ones where you’re not sure if it is just a value or moral judgment and so, you
know, the tool can probably weigh a little bit more in those circumstances [...]
for those kinds of situations where, like, if I know that my personal bias may be
underplaying a risk or something, [the AFST score] can be helpful.” (C6)

Similarly, C9 reflected that “prior to the algorithm, things were screened out or not screened
out [by the supervisor] and I would be surprised by that decision. I think, like, we’re being a
little more consistent with our decisions [now].”

Despite several workers describing clear value misalignments with the algo-
rithm’s prediction targets, all supervisors and some call screeners (C5, C6, C7, C9)
said that they use the AFST score to help them make screening decisions in cases
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where they personally feel uncertain about a decision or, for one participant, when
they are pressed for time. For example, S3 described that, for cases where they are
initially uncertain about what screening decision to make, seeing the AFST score can
help them more confidently make a decision: “Maybe it’s something iffy, and then I run
the score, and then the score is high. And then it’s like, ‘Oh, yeah, definitely it should be
assigned.”’ Another supervisor, S2, agreed that the AFST score is helpful when the
cases are not “straightforward,” providing physical discipline of a child as an exam-
ple. Similarly, C6 said that they find the AFST score most helpful when they are “on
the fence” about a decision. C9 noted that they usually follow the AFST’s recommen-
dation more “if you’re in a hurry.”

That said, workers expressed that they have a harder time interpreting and using
the AFST score when the score falls in the middle range (e.g., between 10 and 14),
perceiving these cases as missed opportunities for the AFST to effectively comple-
ment their own judgment. C5 explained that “that’s where [supervisors] have the most
problem, too [...they’ll] say every once in a while, like, ‘You got me [going] crazy over these
f***ing yellow reports!”’ Given minimal transparency into what factors contribute to
a mid-range score, and no information from the AFST beyond the score itself (Sec-
tion 2.4.2), workers generally disregarded the AFST’s outputs in these mid-range
cases. Workers expressed a desire to have the AFST communicate back, not “just
a number” but also additional context explaining the AFST score, for example, to
assist them in interpreting middle range scores and in integrating the score into their
decision-making.

2.5 Discussion

As child welfare agencies increasingly adopt ADS to assist social workers’ day-to-
day work [42, 74, 306, 354, 361], it is critical that we understand workers’ experiences
with these systems in practice. In this paper, we conducted the first in-depth quali-
tative investigation in the literature of child welfare workers’ current practices and
challenges in working with a prominent ADS (the AFST) day-to-day. The AFST con-
text has been frequently studied in recent years (e.g., [64, 74, 95, 429]), and public
sector agencies are beginning to look to the AFST as an example of what AI-assisted
decision-making can or should look like in child welfare and similar contexts [354].
However, most prior research on the AFST has relied on retrospective quantitative
analyses of workers’ decisions, without an understanding of how workers actually
integrate the AFST into their decision-making on-the-ground.

Through a series of contextual inquiries and semi-structured interviews, we ob-
served ways in which workers’ reliance and trust on the AFST are guided by (1) their
knowledge of rich, contextual information beyond what the underlying AI model
captures, (2) their beliefs about the AFST’s capabilities and limitations in relation
to their own, (3) organizational pressures and incentives that they perceive around
the use of the ADS, and (4) their awareness of misalignments between the ADS’s
predictive targets versus their own decision-making objectives. We found that, al-
though workers at this agency had been using the ADS continuously for nearly half
a decade, the system remained a source of tension for many workers, who perceived
the system’s current design as a missed opportunity to effectively complement their
own abilities. Overall, our findings complicate narratives from prior literature about
how the AFST and similar ADS tools may fit (or fail to fit) into workers’ day-to-
day decision-making. These findings add to ongoing discussions in the literature,



Chapter 2. Worker-AI Interaction 33

pointing to the need for a broader re-consideration of how ADS should be designed,
evaluated, and integrated into future public sector contexts [12, 182, 359].

In this section, we summarize each of our main findings, discuss how they ex-
tend or contrast with prior literature, and provide implications for the study of
human-AI decision-making in child welfare and beyond. Recent work in the area
of human-AI interaction has highlighted that in many real-world decision-making
settings, humans and AI systems may have access to complementary information,
opening potential for each to help overcome the other’s limitations and blindspots
(e.g., [11, 95, 169, 235]). We found that in the AFST context, to calibrate their reliance
on the AFST score in particular instances, workers rely heavily upon their own
knowledge of qualitative, contextual details of a given referred case, which are
not captured by the administrative data that the AFST model uses. We observed
that workers frequently attempted to compensate for gaps and limitations in algo-
rithmic predictions by drawing upon rich, causal narratives they had formed about a
referred case, using their unique understanding of case-specific context. These quali-
tative findings validate hypotheses posed in earlier work by De-Arteaga et al. (2020).
Through retrospective quantitative analyses of AFST-assisted decisions, these au-
thors found that workers were able to reliably detect and override erroneous AFST
recommendations. To explain how workers were able to do this, the authors spec-
ulated that the workers may have been cross-checking algorithmic outputs against
other relevant information that was available to them but not to the AFST model
[95]. By contrast, much prior research on human-AI decision-making has focused on
settings—often in the context of online crowdsourcing or laboratory-based studies—
where the AI system has access to a superset of the task-relevant information that is
available to the human [20, 95, 275, 416]. Our findings suggest caution in general-
izing findings from such studies, as this setup may artificially advantage AI models
over human decision-makers. Future research should seek to further understand
how human decision-makers use complementary, model-external knowledge to cal-
ibrate their reliance on AI recommendations, as well as how future ADS tools might
be designed to support them in doing so effectively. In addition, as discussed be-
low, more research is needed to understand how human experts can be supported
in communicating relevant contextual knowledge to an AI model, to inform algorith-
mic recommendations in a given case (cf. [92])—a desire expressed by workers in
our study.

Despite having used the AFST day-to-day for multiple years, we found that most
workers knew very little about how the AFST works, what data it relies on, or how
to work with the tool effectively. Workers had received minimal training on how
to use the AFST, and had almost no formal insight into how the AFST worked (Sec-
tion 2.4.2). These findings align with recent discussions in the human-AI interaction
literature, suggesting that ADS tools are often introduced into professional contexts
without adequate onboarding and training for the human decision-makers who are
asked to work with them day-to-day (e.g., [18, 55]). Allegheny County is outwardly
transparent about the AFST’s design and development process, providing much
public-facing documentation on the web (e.g., [189, 436]). Indeed, this level of open-
ness has contributed to the amount of influence and attention the AFST has received
from researchers in HCI and machine learning, the popular press, and other public
sector agencies around the world. However, this external transparency is not mir-
rored internally: workers are intentionally given limited information about the AFST
model to avoid facilitating ‘gaming the system’ behaviors, where workers strate-
gically manipulate data inputs to the algorithm, in order to get a desired output.
Although this is a real concern in algorithm-assisted child welfare decision-making
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contexts (e.g., [359]), we observed that given minimal information about the AFST,
workers improvised ways to learn more about the tool themselves, building up
sophisticated yet imperfect intuitions about the AFST’s behavior. Workers drew
upon their beliefs about the AFST to calibrate their reliance on algorithmic recom-
mendations in particular instances—including what predictive features the AFST
model uses, what influence each feature has, the kinds of cases for which the model
is likely to be more or less reliable, and so on. Given this influence of workers’ in-
formal beliefs about the AFST upon their use of the tool, it is unclear whether the
agency’s original goals behind limiting transparency into the model were actually
achieved. Yet this lack of transparency had other consequences: workers tended
to be distrustful of the tool overall, and they did not feel equipped to work with it
effectively.

To learn about the AFST’s behavior in the absence of formal training, workers
engaged in various forms of what Shen, DeVos et al. (2021) have called “everyday
algorithm auditing”: the ways that users detect, understand, and interrogate ma-
chine behaviors via their day-to-day interactions with algorithmic systems [378].
Whereas these authors focused on characterizing the ways that members of large on-
line communities come together to collectively make sense of algorithmic behavior,
our findings present a case study of workers engaging in similar behaviors within
a more intimate organizational setting. While readers may come away from prior
quantitative research on AFST-assisted decision-making with images of workers as
lone decision-makers, working in isolated cubicles, we found that workers often
discussed the AFST model’s behavior with each other, to collectively understand
unexpected scores. Through this collective deliberation, workers shape each oth-
ers’ beliefs about the model over time and influence each others’ decisions for
specific cases (Section 2.4.2). Workers discussed AFST scores amongst themselves
frequently and informally, even though the official screening protocol assigns only
one call screener and one supervisor to attend to a given case. Workers also engaged
in collaborative “guessing games,” honing their abilities to predict the AFST score
by guessing what the AFST score would be in particular cases, and then viewing
the actual score. To learn about the influences of particular features on the AFST
score, workers also frequently tinkered with the tool, for example by adjusting the
inputs to the AFST model, recomputing the AFST score, and examining how the
score changed. Finally, we observed that workers drew upon their knowledge of
context and qualitative details of a given referred case in order to learn about the
AFST’s accuracy over time—though it is important to note that the notion of “accu-
racy” experienced by workers was not always aligned with that of the model. We
expect that workers in other public sector contexts may engage in similar strategies
to build up collective understandings of an ADS’s capabilities, limitations, and over-
all functioning—perhaps especially in contexts where workers are expected to make
AI-assisted decisions collaboratively, but are lacking relevant information about the
AI model (e.g., [359, 475]). Prior research investigating ways to improve AI-assisted
decision-making, both in the AFST context and beyond, has often focused on im-
proving interactions between a single human and an AI system. Our findings high-
light the importance of studying how collaborative decision-making—particularly
in real-world organizational settings, in the presence of existing interpersonal and
power relations among decision-makers—impacts how people rely upon and make
sense of AI models.

Consistent with our findings that workers were generally skeptical and distrust-
ful of the AFST, we observed that workers’ decisions to follow or contradict the
AFST score were often guided by factors other than their “trust” in the AFST model.
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Whereas prior work has often studied human reliance on ADS tools as a function
of an individual’s trust [20, 47, 258, 328], this conceptualization overlooks the po-
tential impacts that organizational pressures and incentive structures may have on
workers’ reliance, independent of their trust in the technology itself. In the AFST
context, workers perceived organizational pressures, both from the administra-
tion and from caseworkers downstream of their decision-making, that influenced
their reliance on the AFST (Section 2.4.3). On the one hand, workers described
complying with the AFST’s recommendation, against their own best judgment, to
avoid being accused by the administration of disagreeing with the AFST “too of-
ten” or of “not using the tool.” On the other hand, workers considered caseworker
load when deciding whether to screen out some ambiguous cases. Future research
should seek to better understand the impacts that organizations’ internal messaging,
performance measures, and policies have on the ways workers rely upon ADS tools
in practice. In Section 2.6, we discuss potential model-level and organization-level
design implications based on these findings. In addition, based on their experiences,
workers came to perceive that they had little agency to shape the way the AFST
is used within their organization, or to improve the reliability and accuracy of the
AFST model itself. As a result, workers shared that they have critical discussions
about the AFST’s behavior with their peers less often than they used to. Workers also
believed that, overall, they are now less likely to disagree with the AFST than they
once were, having acclimated to using the tool and having come to believe that their
disagreement may be looked down upon by the administration. In alignment with
recent calls for greater consideration of temporal factors in the study of human-AI
decision-making (e.g., [250]), our findings suggest that future research should inves-
tigate how human reliance upon ADS tools may evolve over time, particularly in
real-world organizational settings.

Importantly, we observed that despite having minimal formal training around
the AFST, workers were aware of misalignments between the AFST’s predictive
targets and their own decision-making objectives, and that workers took these
misalignments into account when making AFST-assisted decisions (Section 2.4.4).
Whereas workers generally focused on ensuring children’s immediate safety and
considering short-term risk when making their decisions, the AFST was intention-
ally designed to complement workers’ near-term focus by predicting proxies for ad-
verse outcomes over a much longer (two-year) timespan [92, 429, 436]. The goal was
to nudge workers to consider not only immediate risk and safety, but also a forecast
of longer-term risk, calculated based on available administrative data. However, we
found that it was unclear to workers how exactly they were expected to take the
AFST’s assessments of long-term risk into account in ways that complemented
their own judgment. While recent research in HCI and machine learning has be-
gun to explore how to support human-AI complementarity in decision-making—i.e.,
configurations of humans and AI systems that yield better decisions in combination
than either could achieve alone [20, 95, 169, 213, 416]—our findings drive home that
it is not enough to have model targets that complement workers’ decision-making
objectives in theory. Human decision-makers must also understand, at a detailed
level, how an ADS tool can actually complement their abilities in practice. As Sax-
ena et al. (2021) emphasize [359], human decision-makers must also be “bought in”
to the idea that their use of a given ADS tool will improve decision-making in ways
that are meaningful to them. In turn, this requires that, even if an AI tool is intended
to complement human abilities by pushing them to consider complementary goals
or objectives (cf. [171]), there must still be value alignment between humans and
the AI model at a high-level. Yet in the AFST context, we observed fundamental
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human-AI value misalignments. While some workers were open to the idea that the
AFST could complement their judgment and help to mitigate some of their personal
biases, other workers disagreed with the very idea of making screening decisions
based on predictions of longer-term risk, perceiving this problem formulation as
fundamentally misaligned with their roles and responsibilities. These observations
echo findings from Saxena et al. (2021), who observed that, in agencies using sim-
pler forms of algorithmic decision support, workers sometimes perceived conflicts
between algorithmic recommendations and the ways they are actually trained to do
their jobs. In addition to disagreeing with the timescale on which the AFST makes its
predictions, workers were also uncomfortable with the AFST’s use of proxy targets
such as re-referral and placement, viewing the use of these proxies as misaligned
with their personal values.

Building upon prior approaches aimed at understanding and addressing mis-
alignments between different stakeholders’ values during the design phase for ADS
tools (e.g., [182, 385], future research should further explore how diverse stakehold-
ers (e.g., decision-makers, affected populations, data scientists, and domain ex-
perts) can be effectively engaged in shaping model-level design choices for an
ADS, such as specific choices of predictive targets or performance measures [174,
404, 474]. Future research should also explore how best to support complementary
human-AI performance in practice, in real-world organizational contexts. This
could involve, for example, investigating what other prerequisites and enabling con-
ditions exist for human-AI complementarity, considering factors not just at the level
of an AI model or individual human behavior, but also factors at the levels of groups
of people or organizations. Finally, our findings suggest that when studying pre-
dictive accuracy or effective decision-making in the AFST context and other public
sector decision-making contexts, it is critical to account for potential differences
in predictive targets and decision objectives of human decision-makers versus AI
systems. For instance, the misalignments observed in the AFST context complicate
any argument that either the AFST or human workers are more accurate. Without an
understanding of workers’ objectives when making predictions and decisions, these
kinds of comparisons risk evaluating workers’ performance on a task that they are
not actually performing.

2.6 Design Implications

Based on our findings, we provide the following design implications, intended for
public-sector agencies deploying or maintaining ADS tools and for researchers ex-
ploring ways to design more effective ADS. We note that the following design im-
plications are relevant only when there is good reason to expect benefits of having
an ADS in the first place, which outweigh potential harms [25, 144, 326].

• Support workers in using their expertise to improve an ADS’s performance,
whether by providing direct feedback to the ADS (e.g., communicating rel-
evant contextual knowledge to inform algorithmic recommendations, for a
given case), or by allowing the ADS to learn from important patterns across
multiple workers’ override decisions over time, as explored in De-Arteaga et
al. (2021) [92].

• Design training tools and interfaces that support workers in understanding
the boundaries of an ADS’s capabilities (e.g., where it is likely to err and what
factors it is not able to take into account) [18, 55, 295]. For example, decision
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support interfaces might be explicitly designed to support workers in explor-
ing possible reasons for discrepancies between an ADS’s statistical reasoning
versus their own clinical judgment in a particular case (e.g., addressing work-
ers’ desires to have the AFST communicate back additional context explaining
the score, as described in 2.4.2 and 2.4.4).

• Support open cultures for critical discussion around AI-assisted decision-making
amongst workers using ADS. Providing transparency on ADS goals and algo-
rithmic processes, as discussed above, can enable workers to engage in better
informed discussions, decreasing the risk that such conversations will simply
propagate misleading folk theories about an ADS. Moreover, supporting col-
laborative sensemaking and decision-making can encourage workers to sur-
face insights about potential ADS limitations and improvements.

• Provide workers with balanced and contextualized feedback on their deci-
sions. Feedback should capture the collaborative decision process between
workers and the ADS alongside the decision outcomes. Both forms of feed-
back can be extremely valuable for learning, yet are scarce in many AI-assisted
public-sector decision-making contexts (including the AFST context). Any re-
sulting measures should be communicated to workers with explanations that
account for both strengths and shortcomings of workers’ judgements. Such
feedback may be critical for workers to reflect upon and improve their judg-
ment and algorithmic reliance over time.

• Relatedly, find ways to co-design measures of decision quality with the work-
ers themselves. By designing measures of decision quality that workers find
personally meaningful and important, workers may be more motivated to ac-
tually use these measures to reflect upon and improve their own decision-
making. In addition, workers may be more likely to notice potential short-
comings in measures of decision quality, and may be well-equipped to notice
when a given measure risks creating counterproductive incentive structures
(e.g., that influence their reliance practices, as discussed in Section 2.4.3).

• Clearly communicate, and in points of disagreement, collaboratively deter-
mine with social workers how decision-making power should be distributed
across workers and the ADS. Building an organizational culture in which hu-
man decision-makers feel that their expertise is relevant and valued may pref-
ace building effective human–AI partnerships. Therefore, decision-making
roles between workers and ADS should be guided by an empirical understand-
ing of workers’ unique strengths (and limitations) in complementing the ADS.

• Explore methods to support diverse stakeholder involvement in shaping an
ADS’s model-level design decisions. For example, find methods to co-design
an ADS’s predictive targets with decision-makers, affected community mem-
bers, data scientists, and other domain experts, while considering how to mit-
igate disagreements [182, 385], especially when prominent power dynamics
are at play. Diverse stakeholder deliberation and discussion on model-level
design decisions may help mitigate value misalignments between models and
relevant stakeholders before the ADS is deployed.
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• Factor in a set of work context-specific considerations when designing ADS
predictive targets that aim to complement a worker’s decision targets and pro-
cesses. For example, beyond considering whether a human’s and an AI’s lim-
itations and strengths might complement one another in a vacuum, consider
the organizational factors that may influence reliance decisions in practice.

• When assessing the effectiveness of human-AI decision-making, be cautious
not to adopt evaluation approaches that artificially disadvantage either the
human or the AI. For example, carefully consider whether the metrics used
to evaluate human-AI performance are evaluating the actual outcomes that
the human versus the AI is optimizing towards, when making predictions or
decisions.

2.7 Conclusion

Our findings highlight critical opportunities for future research, towards re-thinking
and re-designing the interfaces, models, and organizational processes that shape the
ways ADS tools are used in child welfare and other public sector decision-making
contexts. Future research across HCI, machine learning, and social work should
explore design opportunities at all three of these levels, both separately and in com-
bination. In addition, future research should seek to inform the design of human–AI
partnerships in child welfare by understanding and reconciling design values and
goals across a broader ecosystem of relevant stakeholders, including social work ad-
ministrators and agency leadership, caseworkers [359], families and other affected
community members [42, 64], and ADS developers [182]. In particular, future re-
search should explore how multiple stakeholders within this ecosystem might be
meaningfully involved across various points of the design, development, deploy-
ment, use, and maintenance lifecycle for ADS, to resolve value misalignments and
to better serve the needs of families and child welfare workers.
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Worker-AI Interaction, Part 2

How Workers Reduce Racial Disparities in AI-Assisted Deci-
sions

This chapter is taken from the following paper:

Hao-Fei Cheng*, Logan Stapleton*, Anna Kawakami, Venkatesh Sivaraman, Yanghuidi
Cheng, Diana Qing, Adam Perer, Kenneth Holstein, Zhiwei Steven Wu, and Haiyi
Zhu. “How Child Welfare Workers Reduce Racial Disparities in Algorithmic De-
cisions.” In Proceedings of the 2022 CHI Conference on Human Factors in Computing
Systems.

Abstract. Machine learning tools have been deployed in various contexts to support
human decision-making, in the hope that human-algorithm collaboration can im-
prove decision quality. However, the question of whether such collaborations reduce
or exacerbate biases in decision-making remains underexplored. In this work, we
conducted a mixed-methods study, analyzing child maltreatment call screen work-
ers’ decision-making over a span of four years, and interviewing them on how they
incorporate algorithmic predictions into their decision-making process. Our data
analysis shows that compared to the algorithm alone, human caseworkers reduced
the disparity in screen-in rate between Black and white children from 20% to 9%.
Our qualitative data show that caseworkers achieve this by making holistic risk as-
sessments and complementing the algorithm’s limitations. These results shed light
on potential mechanisms for improving human-algorithm collaboration in high-risk
decision-making contexts.
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2.8 Introduction

Recent years have seen the deployment of AI-based tools either to augment or re-
place human judgments across a growing range of high-impact decision-making
contexts, such as social work, criminal justice, hiring, healthcare, and education [55,
73, 148, 180, 182, 261, 323, 444, 460]. These technologies have often been adopted
under the logic that they are more accurate and equitable than human decision mak-
ers [73, 209, 261]. Prior work suggests that on various predictive tasks, AI systems
are more accurate than human decision makers [109, 118, 235, 423]. However, in
many social decision-making contexts, such as recidivism risk assessment, AI sys-
tems have been shown to inherit human biases from historical data, and perpetuate
discrimination against already vulnerable populations, e.g. [51, 52, 109, 334, 421].
Prior attempts to make these algorithms less discriminatory have largely focused
on the technical design of the algorithms—a central focus of the area of algorithmic
fairness, e.g. [110, 155]. Another possible approach to improving fairness in decision-
making may be through human-AI collaborations, aimed at combining strengths and
mitigating limitations in both AI-based and human decisions [95, 170, 280, 417, 451].
In some contexts, human-AI collaboration has demonstrated potential to improve
fairness and effectiveness of decision-making, compared with human or AI decision-
making alone, e.g. [20, 95, 180, 229, 322]. However, empirical results have been
mixed. For example, in a real-world pretrial criminal context, human-AI collabora-
tion was shown to exacerbate discriminatory decision-making [7, 400].

In this paper, we examine how call screen workers in Allegheny County, Pennsyl-
vania use the AI-based Allegheny Family Screening Tool (AFST) to make decisions
about which reports of child abuse or neglect (henceforth referrals) to investigate.
Similar to De-Arteaga, Fogliato, and Chouldechova [95], we compare automating ver-
sus augmenting decision-making with the AFST. Note that the AFST was designed
to “augment the human decision whether to investigate a call” [67] and CYF leadership
assures that the tool is never used to completely automate decisions [192]. How-
ever, critics such as Eubanks [119] and the Child Protection Reform [69] worry that
the AFST, and other tools like it, may someday be used to automate decisions, for
example, as an austerity measure. In this paper, we investigate the effect that such
a hypothetical automated decision-making policy would have on racial disparities
in child welfare call screening. We then compare this policy to the current stan-
dard decision-making process, where workers make decisions with the assistance of
AFST. Since child welfare workers themselves are known to make racially disparate
decisions [100, 101, 108, 152, 232], it is unclear whether adding them back “in the
loop” will do any good in this regard. The central question of this paper is thus:
when people work with algorithms in a child welfare context that is known to
have racial disparities, will they serve to mitigate or exacerbate disparities? The
answer to this question can inform the responsible design and use of AI tools in the
child welfare context, as well as other high-stakes social decision-making contexts.

The primary racial disparity measure we use in this paper is the difference in the
screen-in rates across Black and white children. Where prior work has emphasized
the impact that the AFST has had on caseworkers’ workloads [140], we think it is
also important to focus on the impact that the AFST has on families in Allegheny
County. Call screening is most often the first point of contact with the child welfare
system, where an agency decides whether to intervene into the life of a family by
investigating them. Being screened in may lead to more child welfare involvement
into a family’s life. AFST documentation states that “screening in and a child protection
investigation has some potentially deleterious effects on families. If screening in, however,



Chapter 2. Worker-AI Interaction 41

is a prerequisite to being offered higher quality services or being prioritized for a slot in a
desired program, one can argue the benefits of an investigation” [431]. Higher screen-in
rates indicate higher levels of state intervention into families’ lives, starting with
investigation. Racial disparities in screening rates indicate uneven application of in-
terventions or investigations of Black and white families and potentially uneven dis-
tribution of the potential harms and benefits of them. Disparities in screening rates
may be unjustified if they occur because of unwarranted intervention or lack of inter-
vention, e.g. investigating a family when their child is not at imminent risk of abuse
or neglect. As Dorothy Roberts [105] suggests, “[t]he disproportionate number of
Black children under state supervision results from discriminatory decision-making
within the system as well as racist institutions in the broader society.” However,
as we will discuss below, disparities may be justified: higher need or higher risk
of abuse or neglect among children in one group of people could warrant a higher
screen-in rate.

In summary:

• Through quantitative analysis based on the two years of data immediately
following the introduction of the AFST—from August 2016 to July 2018—we
evaluated racial disparities in AFST-only and worker-AFST screening deci-
sions. Our results show that worker-AFST decision-making served to reduce
the disparity in screen-in rate between Black and white children compared to
algorithm-only decisions.

• We conducted a contextual inquiry by observing how call screen workers use
the AFST to help them make decisions, and we interviewed workers about
their experiences working with the algorithm. Through qualitative analysis,
we find that by assessing referrals holistically using all of the information
available to them and by adjusting for the algorithm’s limitations, call screen
workers disagreed with the AFST in ways that serve, in aggregate, to reduced
the impact of racial disparities in the algorithm. Our findings suggest that the
AFST did not supplant call screening discretion and decision processes and
that workers were not blindly following the AFST, consistent with the state-
ment from Human Services [192] responding to Eubanks [119].

• We also analyzed the accuracy of AFST-only and worker-AFST decisions. Al-
though the AFST is better than workers at predicting the outcomes that it is
trained to predict, our qualitative findings indicate that workers make screen-
ing decisions to optimize for fundamentally different outcomes than the AFST.

• Finally, we provide design implications for potential ways to improve the col-
laboration between call screen workers and the AFST in improving the decision-
making process.

The AFST is just one algorithmic system used in child welfare; there are many
similar systems used in child welfare agencies across the U.S. [354, 361]. We antic-
ipate that several of our findings may generalize to other public sector, algorithm-
assisted decision-making contexts. However, agencies are often reticent about their
internal policies, decision-making, and even public information [2, 358], making it
challenging to conduct similar analyses across other contexts. We thank the Al-
legheny County Office of Children, Youth and Families (CYF) for their continued
interest in working with external researchers, and for their transparency in provid-
ing us data and access to their facilities. We also thank the workers in the Intake
Department for taking the time to speak with us, and for sharing their insights. We
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hope that more agencies will follow Allegheny County’s lead in opening opportuni-
ties for public and research accountability.

Finally, the data used throughout this paper contained information on 56,843
children who were referred to CYF. We acknowledge all 56,843 of these children and
their families, on whom this data was collected and for whom these records reflect a
potentially consequential interaction with CYF.

2.9 Related Work

2.9.1 Algorithm-in-the-loop decision-making

“Algorithm-in-the-loop” decision-making is commonly characterized by first hav-
ing an algorithm-produced prediction or classification, with a human making the fi-
nal decision after considering an algorithmic recommendation [148, 401]. Algorithm-
in-the-loop decision-making has been observed in multiple high-stakes scenarios,
including pretrial bail decisions [7], recidivism predictions [109], predictive policing
[324], and diagnosing patients in clinical settings [293].

As algorithm-in-the-loop decision-making becomes increasingly common in prac-
tice, recent research has started to look at how humans work with algorithms when
making decisions and at the relative contributions of humans versus algorithms to
overall performance. Many studies have focused on prediction accuracy, finding
that on many tasks, algorithms can outperform humans in terms of prediction accu-
racy [45, 251, 252, 471]. However, recognizing that human experts and algorithms
may have complementary strengths and limitations, a line of research has sought to
understand how to combine the capabilities of each [95, 170, 280, 417, 451]. Some
studies have demonstrated that combinations of human and algorithmic judgment
can improve prediction and/or decision-making (e.g., [20, 95, 180, 229, 252, 322]).
Yet empirical results in this space have been varied so far. In other studies, human-
algorithm decision-making has failed to improve or has even harmed performance,
compared with either human or algorithmic decisions alone (e.g., [7, 146, 329, 400,
471]).

Beyond accuracy, other metrics have been used to evaluate between decisions
made by humans, AI, and human-AI combined [7, 123, 148, 226, 273, 329]. Much of
this work focuses on minimizing the error of the decisions compared to the ground
truth. Most relevant to our work, Albright [7] compares racial disparities in human-
only and human-AI decisions in the context of pretrial bail hearings. Here, judges
are presented with a risk score and recommendation from a risk assessment algo-
rithm (similar to the AFST) and then must decide whether to give a person who is
charged with a crime bail (and keep them in jail until they can pay) or let them go
free without paying bail until their trial date. Albright [7] suggested that judges
disagreed with the algorithmic recommendations for certain types of defendants
such that the judge-algorithm bail decisions were more racially disparate —giving
Black people bail rather than letting them free without bail at a higher rate than
white people— than both the past judge-only decisions (before the algorithm was
implemented) and the algorithm-only recommendations in the same time period. In
our work, we present empirical results in the opposite direction: in the context of
Child Welfare call screening, we found that human-algorithm decisions were less
racially disparate than algorithm-only decisions would have been, and somewhat
less racially disparate than past human-only decisions.
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2.9.2 Risk Assessment Tools in Child Welfare

For an overview of predictive algorithms used in child welfare, see [361] and [354].
We provide a brief history here. For decades, child welfare agencies across the U.S.
and abroad have been using risk assessment instruments (RAIs) to assist child so-
cial workers in making decisions, such as whether or not to investigate a family or
whether to remove a child from their family. Most RAIs have been checklists that
workers fill out in order to estimate the risk of child maltreatment. For example, see
the Structured Decision Making (SDM) tools used in the California Child Protective
Services system and a number of other locales [87]. For a case study of other kinds
of RAIs and algorithms used in child welfare, see [360]. However, newer RAIs in-
clude automated tools, commonly called predictive analytics or data-driven predictive
tools, which use statistical modeling and machine learning to estimate risk based
on historical administrative data. Earlier iterations of these were developed by pri-
vate companies, such as Eckerd Connects [78], MindShare Technology [419], or SAS
[195]. Due to high error rates and their “black box” nature, the Los Angeles County
and Illinois child welfare systems dropped private algorithms after brief trials [68,
200, 304]. As such, these private tools have fallen out of favor, though some were
still in use in other locations at the time of publication. Other data-driven predictive
tools have been or are being developed through public-academic partnerships —
such as the Allegheny Family Screening Tool (AFST) in Allegheny County, Pennsyl-
vania [73, 431] or other tools being implemented by the same designers in Douglas
County, Colorado [430] and Los Angeles County [343].1 These publicly-developed
algorithms have proved more resilient, with the AFST being the longest-lasting and
most prominent predictive tool in use today. Proponents of these newer automated
risk assessment tools, such as the AFST, argue that they make more accurate deci-
sions than both child social workers and standard checklist-based RAIs; and that
they make more consistent, objective, equitable decisions [73, 88, 193, 393]. Critics
argue that these automated tools are still too inaccurate, that they do not predict
true child abuse or neglect, and that they still make biased decisions because they
are trained on biased data [70, 73, 119].

In order to evaluate the AFST based on these opposing concerns, the Allegheny
County CYF commissioned Goldhaber-Fiebert and Prince [140] to conduct an Im-
pact Evaluation of the AFST. Among the results, the most relevant to this paper
were the following: 1) the AFST “increased accuracy for children screened-in for inves-
tigation and may have slightly decreased accuracy for children screened-out;” 2) the AFST
did not decrease the screen-in rate overall; and 3) the AFST reduced racial disparities
in terms of the screen-in rate, but possibly worsened them in terms of accuracy [140].
These findings called into question whether the AFST improves either accuracy or
equity. These results were based on an analysis of two years of data immediately
following the introduction of the AFST—from August 2016 to July 2018. Our quan-
titative findings are based on the same data as Goldhaber-Fiebert and Prince [140],
which we preprocessed and analyzed to match their work, as well. Rather than reit-
erate their findings, we use this data to evaluate the effects that automating screening
decisions would have on racial disparities. We also expand upon Goldhaber-Fiebert
and Prince [140]’s findings with a new mixed-methods approach.

1It is notable that Los Angeles County, the largest child welfare department in the U.S., dropped a
private model earlier, but is now implementing a new model with the same team who developed the
AFST.
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FIGURE 2.2: The current AFST-assisted call screening process. Call
screen caseworkers make screening recommendations and supervi-
sors make the final screening decisions, both with the AFST’s risk

score and recommendation.

2.10 Methods

2.10.1 Study Context

In this paper, we studied a high-stakes scenario of child maltreatment referral screen-
ing decisions. The Allegheny County Office of Children, Youth, and Families (CYF)
has been using an algorithmic tool, the Allegheny Family Screening Tool (AFST), to
assist with child maltreatment call screening process since August 2016. The AFST is
a machine learning-based predictive risk modeling tool that analyzes county data to
predict outcomes related to child abuse or neglect. The original version of the AFST
used demographic data related to the alleged victims, caretakers, alleged perpetra-
tors, prior child welfare history, criminal history, public behavioral health history,
and use of public assistance [431].2 Prior to the introduction of the AFST, casework-
ers and supervisors made all referral decisions without any algorithmic aids. Since
its deployment, caseworkers and supervisors have been presented with an AFST
risk score to assist with their call screening decisions for all referrals which were not
automatically screened in or out (henceforth referrals or discretionary referrals).3 Call
screen workers still make the final decisions—they have the option to either agree
with the algorithm recommendation, or to disagree and go with their own decisions.

We adopted a mixed-methods approach to investigate how CYF call screen work-
ers work with the AFST, and how the resulting human-AI decisions affect disparities
in decision outcomes. We analyzed historical data on call screening decisions prior
to and after the deployment of the AFST algorithm. We also conducted contextual
interviews with caseworkers and supervisors to support interpretation of findings
from these quantitative analyses.

Use of the AFST in call screening

The AFST Version 1 (used from August 2016 to November 2018) was made up of
two models—the re-referral model was trained to predict whether a child would be
reported again within two years of being screened out; the placement model was
trained to predict whether a child would be removed from their home and placed in
foster care within two years of being screened in. Each model produces a risk score

2This was true for the first deployed version of the tool. The second version (in use from November
2018 until the time of publication) stopped using public assistance as a predictive feature and started
using birth records [432].

3We provide more detail about which referrals are discretionary or not in Section 2.10.2.
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ranging from 1 (lowest risk) to 20 (highest risk) associated with the likelihood of
the corresponding predicted outcome (re-referral or placement) for each child in the
referral. The score is categorized visually into 3 bins: Low risk (score 1-9), Moderate
risk (score 10-14), and High risk (score 15-20). The caseworker and supervisor sees
a single risk score (see Figure 2.3) associated with the referral. The presented score
is the higher of the scores across the two models. If the referral involves multiple
children, the score of the child with the highest score in the referral would be shown.
4

Workers used the AFST as follows: each caseworker first gathered information
about the referral, made assessments of risk and safety,5 made a screening recom-
mendation for the referral, then they ran the AFST to generate a risk score and
passed the report to a supervisor for review. For most referrals, the AFST score
served as a recommendation, and workers had the authority to either agree or dis-
agree with that recommendation when making the final screening decision. In Ap-
pendix ??, we suggest that CYF workers consider High risk referrals (15-20) to be
recommended screen-in, Low risk (1-9) recommended screen-out, and Moderate risk
(10-14) sans recommendation. However, 29.3% of children in discretionary referrals
from August 2016 to May 2018 had a placement model score of 18 or above and were
flagged as mandatory screen-in [431]. For these referrals, workers were shown the
AFST interface on the right side of Figure 2.3. These referrals were “required to be
screened in,” but supervisors were able to “override this requirement at their discre-
tion” provided that they “documented and reviewed” their reasons for overriding
this requirement [431]. Supervisors overrode 21.0% of these children in mandatory
screen-in referrals.

2.10.2 Data analysis

We acquired data on all child maltreatment referrals at Allegheny County CYF from
January 2015 to July 2018. The data contains all alleged child victims that were re-
ferred to the county child protective service within the time span. The data contain
referrals from both before the deployment of AFST (January 2015 - July 2016), and
after the deployment of the AFST V1 model (August 2016 - July 2018). We only
considered data after January 2015 due to a change in the child maltreatment policy
in the state, introduced on January 1st 2015. We also only consider general protec-
tive services (GPS) referral in the time span (since referrals under the other category,
child protective services (CPS), are all required to be screened in).

The data contains 37,065 records of referrals before the AFST deployment, and
59,039 records after the AFST deployment. Each record contains information on
the primary alleged victim(s) of the referral, with features that are used by call
workers and algorithms in making call screening decisions. Each record also in-
cludes the AFST risk score generated for the alleged victim(s) in each referral, and
the final call screening decisions made by the call workers for that referral. For
our analysis, we look at the outcome at an individual level. We further narrowed

4For example, if there are two children in the referral: the first child with a re-referral model score
of 1 and a placement model score of 15, the second child with a re-referral score of 10 and a placement
score of 3; a score of 15 (and a “High risk” message along with Figure 2.3) would be shown to the call
screen workers.

5This is the risk of future child maltreatment and immediate safety. A U.S. government source
defines a safety assessment as gathering information to “determine the degree to which a child or
youth is likely to suffer maltreatment in the immediate future” and a risk assessment as collecting
information “to determine the degree to which key factors are present in a family situation that increase
the likelihood of future maltreatment to a child or adolescent” [134].
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FIGURE 2.3: The interface of the AFST which is used by the child
welfare workers to make screening decisions. The left figure shows
the score the for a normal referral. The right figure shows a referral
with an exceptional high risk that triggers the mandatory screen-in

policy.

down the referrals to those for which call screen workers had some discretion over,
which yield us 31,025 referrals before the AFST deployment, and 51,750 records after
AFST deployment. Some children were referred multiple times to CYF, generating
multiple records. After pre-processing, our data contained referral information on
23,230 unique children pre-deployment and 33,613 children post-deployment, to-
talling 56,843 children on whom the data used in this paper was collected.

As the AFST was put into deployment in August 2016, all call screening deci-
sions made after August 1st 2016 were collaboratively made by call screen workers
with the assistance of AFST. For the data before August 2016, the call screening de-
cisions were made solely by the call workers without any algorithm aid. However,
AFST scores were calculated retrospectively for the referrals. Thus all referrals from
January 2015 to July 2018 have AFST scores.

2.10.3 Contextual Inquiry and Interviews

To support interpretation of our quantitative findings, we also conducted contextual
interviews with call screen caseworkers and supervisors. A group of researchers
visited the Intake Department of Allegheny County CYF in July 2021. The visit con-
sisted of two parts: 1) contextual inquiries, where the researchers observed how
call screen workers worked with the AFST when making screening decisions; and 2)
semi-structured interviews where researchers were able to ask more in-depth ques-
tions. We observed and interviewed 13 participants in total: 9 call screen casework-
ers and 4 supervisors over 2 separate visits in a span of two weeks. All participants
worked full time as call screen caseworkers or supervisors. We checked with work-
ers before and during our visits to make sure that we did not burden them too much
while they were busy with work. To prevent workers from being identified in the
workplace, all responses in the paper are anonymous and we report only minimal
demographic information. Participants included, but may not have been limited to,
white workers, Black workers, women, and men. At the request of the office, we did
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not provide monetary compensation to the participants. This study was approved
by the Institutional Review Board of Carnegie Mellon University.

Contextual Inquiry

After obtaining consent from participants, we observed call screen caseworkers and
supervisors in their normal workflow, and participants were encouraged to think
aloud as they performed their tasks, to make more of their thinking and reasoning
visible. See Figure 2.2 for a visual diagram of the overall workflow. For caseworkers,
this included taking phone calls from reporting sources, gathering information for
reports, running the AFST to produce a risk score and recommendation, and mak-
ing the call screening recommendation. For supervisors, this included reviewing
the reports made by caseworkers, correcting information in reports (if need be), re-
questing field screening to gather missing information about a referral (if need be),
making the final screening decisions, and overriding the mandatory screen-in refer-
rals that the algorithm enforces.6 Each contextual inquiry session took about three
hours. Researchers took notes on the actions and thought processes of the partici-
pants, while asking brief follow-up questions as needed. Due to the sensitive nature
of the work, we neither audio recorded the contextual inquiry nor took notes on any
personally identifiable information.

Semi-structured Interviews

After the contextual inquiry, we invited each caseworker and supervisor for a semi-
structured interview. The goal of the interview was to understand how participants
incorporated the AFST in their decision-making process, and in particular, to gain
further insight into possible mechanisms underlying our quantitative findings. At
the beginning of each interview, we discussed participants’ background and expe-
rience in child welfare. We also asked any follow-up questions that arose from our
observations during the contextual inquiry. We then asked participants how they
worked with the AFST to ensure fairness in screening decisions. We shared statistics
about racial disparities in call screening, comparing the AFST recommendations to
actual decisions from 2016 to 2018, and asked workers’ thoughts on these numbers.
Lastly, we discussed potential improvements to the design and use of the AFST.

Qualitative Analysis

We first transcribed all interview recordings into text, and used thematic analy-
sis [40] to analyze our data, a constructivist approach inspired by grounded the-
ory [60]. We combined the data collected from both the contextual inquiry and
interviews, which contains interview transcripts and field notes. The authors col-
laboratively conducted open coding on the data, which generated over 1500 open
codes. The authors then conducted an iterative affinity mapping process to the open
codes, performing constant comparisons and iteratively clustering related codes. In
the end, the authors refined the themes that emerged from the affinity mapping.

6The AFST automatically flags referrals with the highest risk as “mandatory screen-in.” Only su-
pervisors have the authority to override the AFST’s decisions for these referrals [AFSTfaq].
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2.10.4 Positionality

We authors acknowledge that our positionality shapes our approaches to research,
as well as how we interpret and present our findings. Given that the subject of re-
search involves how Black and white families have been treated by the child welfare
system in Allegheny County, Pennsylvania, we think it is especially important to
acknowledge our racial/ethnic backgrounds, where we live, and our relationships
to child welfare. The two lead authors are Asian and white, respectively. Neither
have children nor have been investigated by a child welfare agency, nor were they
adopted nor involved in the foster care system as children. All but two authors
live in Allegheny County; the other two live in Minneapolis and California. To our
knowledge, none of us have been significantly personally impacted by child wel-
fare. Throughout this work, we collaborated with Allegheny County CYF in order
to gain access to data and to talk with workers, but the analysis and writing of this
work were conducted independently.

2.11 Decision-making paradigms and terminology

In this section, we define the terminology used throughout the paper.

2.11.1 Decision-making paradigms

In this paper, we compare hypothetical screening decisions made by the AFST alone
versus actual decisions made by child welfare workers when using the AFST. We
define these two decision-making paradigms as follows:

1. AFST-only decisions: The hypothetical screening decisions that the AFST al-
gorithm would make if it were the only decision-maker (without workers).
For clarity, we suppose that the AFST would screen in any High risk referrals
(with a score of 15 to 20) and screen out any Moderate and Low risk referrals
(scores 1 to 14). We choose a threshold of 15 for our AFST-only policy because
it is the threshold between Medium and High risk AFST labels presented to
the call screen workers, and because its hypothetical screen-in rate would be
close to the actual screen-in rate from 2016 to 2018. This split between High
and Low risk referrals follows official AFST documentation, which discusses
disparities: “up until the end of 2017, 47% of black children received a ‘high’-
range score (15–20), compared to 39% of white children. Conversely, 29.6%
of white children have received a ‘low’-range score (1–9), compared to 10% of
black children” [AFSTfaq]. See Appendix A.4 for evidence that call screen-
ing workers see High risk labels as screen-in recommendations and Low risk
as screen-out. However, we also conducted sensitivity analyses by replicating
our empirical results across alternative thresholds. For example, Figure A.1a
shows similar screen-in rate disparities across thresholds from 10 to 20.

2. AFST-assisted worker decisions: The actual call screening decisions made by
child welfare workers from 2016 to 2018, assisted by the AFST (see Section
2.10.1 for a detailed description of the decision-making process). For brevity,
we refer to these decisions as worker-AFST decisions throughout the rest of
the paper.
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2.11.2 Definitions of Black and white

In the data, each child had one or more of the CYF race labels: “Black,” “‘white,”
“Hispanic,” “Asian,” “Native American,” “other,” or “unknown.” For our quan-
titative analyses in this paper, we consider a child Black if they were assigned the
CYF race label “Black” alone or “Black” with any other CYF race label. We consider
a child white only if they were “white” alone —i.e. if the child had the CYF labels
“white” plus any other race, they were not considered white in our quantitative anal-
yses. We consider a child with the CYF labels “Black” and “white” as Black. This
follows the same racial classification as the official AFST Impact Evaluation [140].

2.11.3 Evaluation Metrics

Our primary research questions to evaluate are: 1) how worker-AFST decisions af-
fected racial disparities in call screening, and 2) whether changes in disparities af-
fected the decision accuracy. We adopt the following evaluation metrics:

• Racial disparity
The primary disparity measure used in this paper is the difference in the screen-
in rate between Black children versus white children. Differences in the screen-
in rates between different racial groups correspond to one of the simplest and
most popular algorithmic fairness notions - statistical parity, e.g. [79, 110, 122].
Specifically, a classifier satisfies statistical parity if the subjects in the protected
and unprotected groups have equal probability of being assigned to the pos-
itive predicted class. While statistical parity serves as a starting place for our
analyses, to assess the robustness of our results we also evaluate the dispari-
ties in other metrics, including accuracy, precision, true positive rate and false
positive rate.

• Accuracy
We measure accuracy by the percentage of decisions that align with a proxy
ground truth: for screen-in decisions, we measure the percentage of children
that are either removed from home within 2 years or re-referred again within
2 months of the referral; for screen-out decisions, we measure the percentage
of children who are neither removed from home within 2 years nor re-referred
again within 2 months of a referral.7 Our definition of accuracy differs slightly
from prior work evaluating the AFST, for which a screen-in decision is accurate
only if the child is later placed in foster care within 2 years and a screen-out de-
cision is accurate only if the child is not re-referred within 2 years [140, 431]. We
adopt the former definition of accuracy so that our hypothetical AFST-only ac-
curacy is a decent estimate of what the accuracy of screening decisions would
have been had they actually been automated by the AFST-only policy.

Our measurement of AFST-only accuracy is an imperfect estimate, due to its
counterfactual predictions [82]. For any referrals where the AFST-only deci-
sion differs from the actual screening decision, ideally we would want want
to measure the AFST-only accuracy in terms of counterfactual outcomes —e.g.
whether a child would have been placed in foster care or re-referred had they
been screened in (when in reality they were screened out). Since we do not
know these counterfactual outcomes, we evaluate AFST-only accuracy based

7We chose to evaluate re-referral within 2 months for consistency with the official AFST Impact
Evaluation [140]. It is worth noting, however, that the AFST (V1) predicted re-referral within 2 years
[431].



50

on the actual predictive outcomes instead. However, because the screening
decisions affect the predictive outcomes, the actual outcomes may have differ-
ent probabilities than the counterfactual ones. For example, if the AFST-only
decision is screen in, its accuracy will be judged based on whether the child
is re-referred or placed; but, if they are actually screened out, we assume (but
do not know) that the child is less likely to be placed and more likely to be re-
referred than if they were actually screened in. This assumption may distort
our measurement of accuracy for the hypothetical AFST-only decisions. As
Coston et al. [82] note, this is a limitation endemic to risk assessments where
the predictions affect the predictive targets.

• Other metrics
We also evaluated disparities and prediction performance for a few additional
metrics. We defer these results and the necessary terminology to the Appendix.

2.12 How AFST-assisted worker decisions affected screen-in
rate disparities

2.12.1 Black-white disparities between AFST-only decisions and work-
ers’ final screening decisions

In this section, we look at the disparity in screen-in rates among Black and white
children who were referred to CYF for AFST-only and worker-AFST screening poli-
cies. In Figure 2.4, we see the difference in screen-in rates between white and Black
children under these two screening policies for all children reported to CYF from
August 2016 to July 2018 who were not immediately screened in or out.8 The screen-
in rates in Figure 2.4 are calculated over the number of discretionary referrals within
the race listed, e.g. the 71% AFST-only screen-in rate for reports with Black children
means that 71% of reports with Black children would have been screened in from
2016 to 2018 following the AFST-only screening policy. The Black-white screen-in rate
disparity refers to the difference between the screen-in rate for Black children and
the screen-in rate for white children under a given policy for this time period. For
example, the AFST-only Black-white screen-in rate disparity from 2016 to 2018 was
20%, because 71% of all referrals with Black children would have been screened in
and 51% of all referrals with white children would have been screened under the
AFST-only screening policy.9 We calculate that the worker-AFST screen-in rate dis-
parity for the same time period was 9%, since 61.8% of Black children and 52.8% of
white children were screened-in. These results suggest that the Black-white screen-
in rate disparity under the worker-AFST screening policy was less than half than
that of the AFST-only policy from August 2016 to May 2018, 11% lower to be exact.
Table 2.2 shows the total number of referrals with Black and white children which
would have been screened in and out under the AFST-only policy. The AFST-only
decisions would have screened in over 7500 more Black than white children for their
families to be investigated by CYF. In actuality, workers only screened in 4713 more
Black than white children. For reference, we calculate that from January 2015 to July

8By Pennsylvania law, all CPS referrals are automatically screened in. Some other referrals were
marked as automatically screened in or out. All of these referrals were excluded from our analysis.
All numbers in this section reflect only discretionary referrals for which the AFST could have had some
influence on.

9Note that this 20% difference is in percentage points, i.e. 71% minus 51%.
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FIGURE 2.4: Black-white screen-in rate disparities for AFST-only and
worker-AFST decision

AFST-only Worker-AFST
Black white Black white

Screen-in 18536 11013 16133 11420
Screen-out 7587 10610 9990 10203
Total 26123 21623 26123 21623

TABLE 2.2: Total number of children that the AFST-only would have
hypothetically screened in and out, compared to the actual decisions

made by worker-AFST.

2016, before the AFST was implemented, workers screened in 52.5% of Black chil-
dren and 41.2% of white children in discretionary referrals. This was a Black-white
screen-in rate disparity of 11.3%.

We also examined Black-white screen-in rate disparities using other decision
thresholds for the hypothetical AFST-only policy, as well as additional disparity met-
rics. We find that worker-AFST decisions were less disparate than AFST-only deci-
sions, regardless of which threshold is chosen. It should be noted that the threshold
of 15 that we default to throughout the paper has the second-to-highest disparity of
any threshold from score 10 to 20 (including “mandatory screen-in”). We default to
threshold 15 not to overstate our results, but because we argue that it would be the
most reasonable threshold to choose from, given the design of the AFST which splits
referrals into High and Medium at score 15, and given that a score of 15 produces
a reasonable screen-in rate, whereas other thresholds do not. We observe similar
patterns for the disparities in precision rates, true positive rates and false positive
rates—worker-AFST decisions exhibit less racial disparity in these metrics, as com-
pared to AFST-only decisions for all reasonable threshold levels. See Appendix A.3
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FIGURE 2.5: Proportions of Black and white children for which the
AFST-only decisions and worker-AFST decisions agreed and differed.
Note that the percentages here are over the total number of referrals
per race, e.g. the 48.6% in the leftmost bar indicates that 48.6% of all
Black children referred to CYF would have been screened in by AFST-
only and was screened in by workers aided by the AFST (worker-
AFST). Notice that the sum of the two leftmost bars (for a single
race) equals the AFST-only screen-in rate —e.g. 48.6%+22.3%=71%
for Black children,— whereas the sum of the leftmost and the right
middle bars equals the actual worker-AFST screen-in rate —e.g.

48.6%+15.9%=61.7%.

for our complete analysis.
How worker and AFST disagreement reduced the Black-white screen-in rate

disparity. Figure 2.5 shows the percentage of children which would have been
screened in and out under both the AFST-only and worker-AFST policies, broken
down by race. Recall that the Black-white screen-in rate disparity under the AFST-
only screening policy was 20%. The simplest way that workers could have reduced
this disparity would have been to screen in more white families and screen out more
Black families than the AFST-only policy would have. Overall, this is what we ob-
served: however, workers did not disagree with the AFST-only policy exclusively in
ways that would have lessened this disparity. If workers were heavily guided by the
AFST, but intentionally tried to reduce its screen-in disparity, we might expect that
workers would not screen in Black families that the AFST-only would have screened
out, and that workers would not screen out white families that the AFST-only would
have screened in. However, we see in Figure 2.5 that this is not the case: workers
screened out 15.9% of Black children who would have been screened out under the
AFST-only policy and screened out 17.6% of white children who would have been
screened in under the AFST-only policy. Because we see disagreement across the
board, it is likely that workers are using their best judgment across the board, and
they are not simply following the AFST’s recommendations. It is also likely that
workers are not making screening decisions explicitly in order to reduce racial dis-
parities. These interpretations align with our qualitative findings in Section 2.12.2.

What ultimately led to the Black-white screen-in rate disparity being lower under
the worker-AFST policy than under the AFST-only policy is shown in Figure 2.5. For
children that the AFST-only policy would have screened in, call screen workers
screened out more Black children than with white children (22.3% vs 17.6%). For
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referrals that the AFST-only policy would have screened out, call screen workers
screened out less Black children than with white children (15.9% vs 29.6%).

2.12.2 Qualitative: How workers achieved lower Black-white screen-in
rate disparity?

When reviewing a referral, workers can see the races of everyone involved. In the-
ory, one (naive) way workers could have reduced the screen-in rate racial disparity is
by simply looking at the race of the children in the referral, screening in more Black
children and screening out more when white children, regardless of the other factors
involved in the referral. Based on both our quantitative results (Section 2.12.1) and
our qualitative findings, it is clear that this was not the case: workers were making
decisions in a more sophisticated way. Furthermore, four call screen caseworkers
and three supervisors explicitly said they did not make screening decisions based
on the race of the family.10 Two caseworkers and three supervisors said they did not
look at race at all. For example, one supervisor said, “I have no idea what races people
are.” Based on contextual inquiries and interviews with CYF call screen workers, we
hypothesize that the decrease in Black-white screening disparity from 2016 to 2018
occurred because of the following reasons:

1. Workers made screening decisions based on holistic, contextual assessments of
risk and safety.

2. Workers adjusted for limitations that they perceived in the AFST when mak-
ing decisions on a case-by-case basis. For some workers, this adjustment was
a conscious adjustment to try to reduce racial disparities. For others, it was
unintentional. However, the effect of reducing disparity in aggregate was the
same.

3. Workers made collaborative screening decisions about some reports they were
uncertain about.

Holistic decision-making

Workers made holistic, contextual assessments of risk and safety in order to de-
termine whether to screen referrals in or out.

Interview findings: Four caseworkers and one supervisor said they did not con-
sider the AFST’s recommendation as a baseline to guide their final screening deci-
sion. Rather, workers said the AFST provided additional information to consider
(two supervisors and three caseworkers). For example, one supervisor said, “[the
AFST is] a good tool to have for some extra information, in terms of risk.” Another su-
pervisor said workers “take in consideration what the computer [i.e. the AFST] is saying,
but,... we’re not making a decision based on what the computer says. If the computer says,
‘This score is a 16,’ per the computer we have to assign that family, and we’re not doing that,
we’re using real... information to make the decision and not numbers to make the decision.”
This supervisor also said they screen reports based on “what risk factors are going to
impact the children, because it’s all about child safety.”

For call screen workers, safety refers to present danger or well-being of the chil-
dren in a report; risk refers to the chance that the children will be harmed or neglected

10Note, however, that five caseworkers stated that they did consider the race of the family in order
to account for racial biases in reporting. We explain this further below.



54

in the future. One supervisor said, “safety is more immediate. And risk is even more long-
term.” For example, one caseworker said living in a dirty home is a risk, but not an
impending danger. Workers conduct holistic, contextual assessments when they con-
sider any piece of information in a report to be relevant only when it’s relevant to
risk and safety in the context of all other information in the report (cf. [11]).

Contextual Inquiry Observations: For example, we observed a caseworker re-
view a referral where a single mother was reported by a friend for allegedly using
drugs and generally neglecting her four children (ages five to seventeen). The re-
port also included pressing concerns about some of the children’s dental health. The
family was reported a month prior because one of the children was truant. The
AFST score was 11 (moderate, on the side of screening out), which this caseworker
considered to be a low score. However, the caseworker recommended screening in
the referral, because of the combination of the drug allegation, the presence of some
young children, the past truancy case, and the dental health concerns. The case-
worker said they would have screened out the referral if it had included only one or
two of these risk factors without the others.

Overall: Because workers considered the AFST risk score in the context of all
the other information in a referral, we often observed that they considered other
information to be more relevant to risk and safety than the AFST score, and made
screening decisions despite the score. We suspect that this holistic decision-making
contributed to the baseline level of disagreement across both race and AFST-only
screening decisions in Figure 2.5. One supervisor expressed that they thought this
kind of holistic, contextual decision-making led to less racially disparate screening
decisions. However, this supervisor said they did so unintentionally and that the
11% reduction in screen-in rate Black-white disparity from 2016 to 2018 was “not the
intention, just the outcome.”

Adjusting for limitations of the AFST

Next, workers said they adjusted for what they perceived to be limitations of
the AFST: they disregarded the AFST’s recommendations when they thought it
over- or under-scored referrals because it was unable to properly take all referral-
relevant information into account. Instead, workers relied on factors that they be-
lieved were more relevant in a given referral to make a decision, as discussed below.

(1) Workers thought the AFST was over- or under-scoring certain referrals be-
cause it did not take the allegation or other current referral information into ac-
count properly.

Interview findings: For example, one caseworker said that the AFST does not
consider the allegation in the report when determining the risk score, “even if it says,
‘Dad killed Mom in front of the kids.’ You know what I’m saying? Like, something crazy.”
One caseworker gave an example where the AFST over-scored a referral because
it did not properly take into account the results of a recent investigation: “We just
investigated and we found that the parents are providing fine... and we just closed it. Then
some anonymous person reports the same thing. Then... [the AFST says] it’s a high risk
again, and we already just previously addressed it.”

Contextual Inquiry Observations: For example, we observed a caseworker re-
view a referral where a mother was reported for allegedly not giving prescribed
mental health medicine to her daughter. The caseworker immediately told us that
this was a serious allegation. One prior report had also been for withholding medicine.
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The AFST score was a Low risk protocol (i.e. a mandated screen out).11 The case-
worker thought the AFST score was too low. The caseworker said they would over-
ride the AFST Low risk protocol and screen the current referral in, because of the
seriousness of the current allegation and the one prior referral with a similar allega-
tion.

(2) Workers thought that the AFST over- and under-scored referrals specifi-
cally based on system involvement, i.e. welfare, public medical services, criminal
history, or CYF history.

Interview findings: Six caseworkers and three supervisors said that the AFST
over-scored families with more system involvement and under-scored families with
less system involvement. For example, one caseworker said that families who do
not use public welfare or medical services get scored lower than families who do:
“if you were poor and you’re on welfare, you’re gonna score higher than a comparable family
who has private insurance. Because those people go to private therapists.”12 A caseworker
said people who do not have a history of county involvement “could totally be away
from Big Brother forever.” Workers’ beliefs align with prior work which suggest that
the AFST is biased towards poor people and people with system involvement [119,
193]. We observed workers disregard the AFST score because they thought it was
relying too heavily on system involvement and not taking relevant information into
account.

Contextual Inquiry Observations: For example, we observed one caseworker
review a report where they thought the AFST score was high because of system
involvement, but they wanted to screen it out. A judge mandated that CYF look into
the family after their child came to a juvenile probationary hearing. The child was
currently incarcerated. The family had a number of prior referrals and used a lot of
public behavioral health services (50+ times). Based on this history, this caseworker
said “I know [the AFST score] is gonna be high.” When the caseworker ran it, the
AFST score was a 20. However, the caseworker wanted to screen out the referral,
because the child was already incarcerated, so it would be no use to investigate
the family. The AFST over-scored this referral based on the family’s history and
neglected highly-relevant context: that the child was in custody of the state and thus
would not need to be investigated.

Overall: Prior work suggests that Black people have higher rates of poverty and
system involvement, and that this accounts for other racial disproportionality in the
Child Welfare system [108, 193]. Workers understood that the AFST was over- and
under-scoring referrals based on system involvement and were correcting for that by
disagreeing with the AFST’s recommendations for these referrals.13 Because system
involvement is also correlated with race (Black families having more involvement
than white families), this would account for the higher percentage of Black chil-
dren than white children that the AFST-only decisions would have screened in but
workers screened out (22.3% vs. 17.6%) and for the lower percentage of Black chil-
dren than white children that the AFST-only decisions would have screened out but

11This Low risk protocol was introduced in the AFST Version 2 [432]. It is analogous to the manda-
tory screen in label, but for screening out: so, the default is screening out, but it can be overridden by
a supervisor.

12The official AFST FAQ documentation says “receiving of public benefits” did not necessarily increase
a family’s AFST score: “[F]or 45% of families, receiving of public benefits (e.g., SNAP, TANF)... was associated
with lower scores than for similar families that did not receive those services” [AFSTfaq]. As one supervisor
pointed out, however, workers’ perceptions could still be right if there are “other things that are affecting
that score” that are “just more associated” with public welfare records, e.g. public mental health records
or criminal records.

13Prior work also suggests that CYF workers can reliably correct for limitations in the AFST [95].
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workers screened in (15.9% vs. 29.6%) as seen in Figure 2.5. As stated in Section 2.12,
this pattern of disagreement contributed to the 11% reduction in Black-white screen-
in rate disparity from the AFST-only to worker-AFST decisions. In sum, because
workers disregarded the AFST score more often when they perceived it to be over-
or under-scoring based on system involvement (and not considering other relevant
information), they were able to reduce racial disparities in call screening.

(3) Workers compensated for what they thought were the AFST’s racial dispar-
ities caused by systemic racial biases in CYF reporting and county data collection.

Interview findings: Five caseworkers thought AFST-only decisions were racially
disparate not only because the AFST over- and under-scored based on poverty and
system involvement, but because of systemic racial biases in CYF reporting and in
county information collected elsewhere —such as the medical system or the criminal
system. These workers did not make screening decisions based on the race of the
family, but they did consider the race of the family in order to account for systemic
racial biases. These workers also thought that the AFST was biased because of over-
reporting on Black families and systemic racism. One caseworker said that “white
people are not reported as much as Black kids” and that they “get a lot of reports on African-
Americans and a lot of them are bogus. Another caseworker also agreed with this: “I also
think [the AFST is] very biased, but so is the world.” This caseworker continued, “the
whole system is racially biased. ... It’s the people entering the information [i.e. reporting
families] that’s affecting the [AFST] score.”

Contextual Inquiry Observations: For example, we observed a caseworker re-
view a report which included a fifteen-year-old boy who had not been to the dentist
in five years and whose teeth were severely damaged: The caseworker said, “he
needs nine root canals, seven fillings”. This was not reported by the dentist, however.
The caseworker said that “the dentist had all the information of the last five years of them
trying to get [the boy] to come to the dentist... And [the dentist] didn’t report him, because
he’s white.”

Interview findings: Workers said they do not take the race of the family into ac-
count when making screening decisions. However, they do consider racial biases in
CYF reporting and county information collection. For example, when asked if they
take race into account when making screening decisions, one caseworker said “we
don’t treat any of the cases differently.” However, this caseworker later gave a hypothet-
ical example of a referral where a Black family may get reported by “people that don’t
deal on a daily basis with people of different cultures” who “automatically assume, like, ‘oh
my God, holy shit, you can’t swear at your kids like that.”’ However, this caseworker
would understand that, because of the racial biases of the reporter and because the
family is Black, the

However, this caseworker later gave a hypothetical example of a referral where
a Black family might get reported by someone who doesn’t “deal on a daily basis with
people of different cultures” and who might “automatically assume, like, ‘oh my God, holy
shit, you can’t swear at your kids like that.”’ But, this report would be unjustified: “you
and I may think [swearing at your kids is] tacky, but is that child hurt? Kid’s not hurt.”
Another caseworker also said that they consider the race of the family in order to
account for biases which could affect reporting:

“Colorblind assessment also feels like it’s ignoring the point. So, I feel like [race
is] definitely something that I take into consideration. ... Bias could be affecting
the way that the information is being reported. ... I feel like I’m definitely more
conscious of it now.”
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Overall: Some workers understood that there were systemic racial biases that
existed outside of their agency —in reporters and in professionals (e.g., in the med-
ical and criminal systems) who create the data that they then make decisions based
on. These workers expressed that they make screening decisions in order to com-
pensate for these systemic racial biases. When it came to the race of the family, most
of these workers did not consider race qua race, but rather race qua racial biases,
which could color the information that they see in a report.

Collaborative decision-making

Screening decisions were not made by siloed, individual workers. Workers regu-
larly made decisions collaboratively. They did so in two ways: First each report
went through multiple (at least two) layers of workers in order to make the final
screening decision. Second, workers often collaborated in ad hoc, impromptu ways,
especially when workers were uncertain about a decision. We suspect that this col-
laboration contributed to mitigating workers’ individual biases, and thus a reduc-
tion in the screen-in rate disparity in aggregate. However, this contribution is likely
lessened, because final screening decisions are still made primarily by a few supervi-
sors, and because the second kind of collaboration listed above is still informal and
not applied consistently across all referrals.

Interview findings: First, as described in Section 2.10.1, the workflow on a stan-
dard referral necessitates that one caseworker and one supervisor review a referral.
For most referrals, the caseworker receives a report, fleshes it out by searching the
KIDS county database, makes a risk and safety assessment, makes a screening rec-
ommendation, and runs the AFST to generate a risk score. The report is then sent
to a supervisor, who reads it in its entirety. One caseworker said the reports are not
written by the caseworker alone —it is often a collaborative effort where the super-
visor communicates with the caseworker about any inconsistencies, ambiguities, or
mistakes in the report: “it isn’t like, ‘I’m doing it. Clickety-click-click-click.’... [The su-
pervisor] knows right away that I screwed something up.” If there are any holes in the
report or any children in the report are younger than four, the supervisor may also
ask for a field screen to send a field caseworker out to conduct a preliminary check on
the family or gather more information about the report. Once the report is complete,
the supervisor makes the final decision to screen the report in or out.

Supervisors primarily make the screening decisions. That being said, the process
of both caseworker and supervisor reviewing a referral, communicating about the
referral, making assessments of risk and safety, and making screening recommenda-
tions, is an important form of multi-layered, collaborative decision-making. Having
the multi-layered process not only adds additional pairs of eyes to review each refer-
ral, it also ensures that the referrals are more likely to be reviewed by workers with
different (demographic) backgrounds. One caseworker believed that the diversity
among caseworkers was helping to reduce biases in the screening decisions: “It’s
good to have different backgrounds with supervisors and others who make those decisions
after it passes from our hands and it goes on to the next level of folks. And it’s good to know
there’s diversity within those groups.”

Contextual Inquiry Observations: We also observed workers collaborating in ad
hoc, impromptu ways that were not built into the standard decision-making process.
Workers often discussed reports with other workers beyond the one caseworker and
one supervisor assigned to the report. This occurred especially if they were uncer-
tain about it. For example, while observing one caseworker (call them screener A),
another caseworker (screener B) asked screener A to double-check that all the family
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members on a referral were correct, since screener B had taken a call from this family
previously. Supervisors often talked with each other (or sometimes caseworkers) if
they felt uncertain about a screening decision. For example, if they felt uncertain
about a report, one supervisor said, “we’ll sit down and discuss it amongst the super-
visors. ‘Well, what do you think we should do with this?’ It’s not like we all work in a
little bubble.” At one point, we observed a caseworker walk to a supervisor’s desk
to discuss what to do about a referral that the caseworker had reviewed and the
supervisor was making the final decision about.

This process was often informal and ad hoc: Workers worked in tightly-packed
cubicles in a single room. So, they would talk to one another over the cubicles, often
overhear one another talk about a report and add their two cents, or walk to another
worker’s cubicle to ask them what they think about a certain referral. One supervi-
sor described the call screening decision-making process as “very collaborative” and
“a group effort”: “Sometimes I’ll be reviewing and I’ll be like, ‘Hey, [supervisor], what do
you think about this?’ You know, or we’ll just be talking about it in the room. If the reporting
source calls back, someone else will hear it and be like, ‘Oh, that’s my reporting source”’.

Overall: We suspect that this collaboration may have an effect of assuaging
workers’ biases. Prior work suggests that workers’ biases play into the CYF screen-
ing process [193]. Some workers acknowledged that they have their own personal
biases. For example, a caseworker said, “I try to be conscious of my biases.” With at
least a caseworker and a supervisor reviewing each referral in detail, workers have
more of a chance to correct for each others’ biases.14 For example, one caseworker
said the CYF call screening process has “a lot of checks and balances.” Some workers
themselves also expressed this view that multi-layered decision-making curbed bi-
ases. For example, when asked how workers make fair decisions, one caseworker
said that “it’s good to have... others who make those decisions after it passes from [casework-
ers’] hands and it goes on to the next level of folks.” By curbing workers’ individual bi-
ases, we hypothesize that such collaborative decision-making may have contributed
to workers’ final screening decisions being less racially disparate in aggregate from
2016 to 2018. That being said, however, any bias-curbing effects of multi-layered, col-
laborative decision-making may be lessened due to caseworkers having less agency
to influence the final screening decisions. For example, one caseworker said, “I have
very limited power... I don’t have the power of saying something’s not right.” Furthermore,
because the second form of collaborative decision-making described above was pri-
marily informal, ad hoc, and not built into the standard decision-making for every
referral, it is unclear how many referrals would have been affected by this form of
collaboration.

2.13 How worker-AFST collaboration affected accuracy and
accuracy disparities

2.13.1 AFST-only screening decisions were more accurate than workers
when measured on outcomes that the AFST was trained to predict

So far, we have seen how workers made screening decisions which were less racially
disparate than the AFST-only decisions. However, one of the primary arguments for
the use of the AFST has been that it is more accurate than call screen workers [73,

14Here, we mean individual biases, such as implicit biases or overt prejudices. For systemic biases,
such as those built into worker training or the bureaucratic process itself, having more eyes on a report
is unlikely to curb them.
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FIGURE 2.6: The differences in prediction accuracy between AFST-
only and worker-AFST decisions.

88, 193, 393].15 For example, in the official Ethical Analysis of the AFST, Dare and
Gambrill [88] claim that the AFST is “more accurate than any alternative” and argue
that it “is hard to conceive of an ethical argument against use of the most accurate
predictive instrument.” After all, an inaccurate screening decision could mean that
a family is unjustly investigated —a possibly traumatic experience and a step too
far towards child separation. Or it could mean that CYF does not intervene when
a child will be harmed. In our setting, one concern is that a screening policy which
makes less racially disparate decisions might make less accurate decisions [57, 287,
428]. For example, it may be the case that because workers make less racially dis-
parate decisions than the AFST, they would also make less accurate decisions. In
Figure 2.6, we see that this is ostensibly the case: the AFST-only screening policy
would have been more accurate than the actual screening decisions made by work-
ers from August 2016 to July 2018 (51.0% vs 46.5%).16 In Figure 2.6, we also see that
the worker-AFST decisions were less racially disparate in terms of accuracy than the
AFST-only decisions (5.4% vs 13.5%). In sum, although the worker-AFST decisions
achieved lower prediction accuracy than the AFST-only decisions, worker-AFST de-
cisions were also less racially disparate than the AFST-only decisions in terms of
accuracy.

15On the other side, one of the primary arguments against its use has been that it is not accurate
enough [70, 119].

16To reiterate, this AFST-only policy is defined as in Section 2.11 with a screening threshold of 15, i.e.
screen in all High risk referrals and screen out everything else.
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However, the definition of prediction accuracy we adopt is particularly important
when interpreting these results. Accuracy is measured against outcomes that the
AFST is trained to predict, i.e. re-referral and placement. Thus, a more precise inter-
pretation of the results in Figure 2.6 is that the AFST-only was 4.5% more accurate
than workers at predicting the outcomes that the AFST was trained to predict. How-
ever, prior work suggests that these outcomes are biased and contested [82, 95, 212].
Furthermore, as we will discuss in Section 2.13.2, our qualitative findings indicate
that workers disagree with the use of these outcomes, and that they are predicting
different outcomes than the AFST day-to-day. Therefore, although the AFST-only
screening policy was better at predicting the outcomes it was trained to predict, it is
important to keep in mind that the decisions made through worker-AFST collabo-
ration may actually be better at predicting the outcomes that workers find useful or
important for preventing child abuse or neglect.17.

2.13.2 Qualitative: Workers and the AFST do not agree on prediction out-
comes and accuracy measures

Workers believe re-referral and placement are bad proxies for risk of child abuse
and neglect

In the past, CYF caseworkers have been asked about how confident they are in “the
AFST’s ability to accurately assess the risk of a future referral or out-of-home placement?”
[AFSTfaq]. Workers responded with lukewarm confidence because they thought
the AFST was unable “to take expected improvement or individual circumstances into ac-
count” [AFSTfaq]. Yet, this may be the wrong question to ask entirely: workers may
or may not be confident that the AFST can accurately predict the proxy outcomes
that it was trained to predict. A more fundamental question is: are caseworkers con-
fident that any assessments of risk of future referral or out-of-home placement will
help them make better decisions to prevent child abuse and neglect?

Interview findings: Based on our observations and interviews with workers, we
believe workers lean towards ‘No.’ Although the AFST was intentionally designed
to complement workers judgment by nudging them to consider longer-term risk, in
addition to short-term safety concerns [432], workers did not view the AFST’s target
outcomes as relevant to their decision-making.

Re-referral. Five caseworkers and two supervisors thought that re-referral does
not necessarily indicate risk of child abuse or neglect. One supervisor said that re-
referral may not mean that the first decision to screen out was incorrect, since the
second report could be for an entirely different reason than the first: “it could have
been referred because the mom was outside on the porch, smoking a cigarette with a newborn
baby, and then it comes back mom beat the 10-year-old. I mean, it’s just a whole different
reason.” Three caseworkers and one supervisor said that some reporters misuse the
system and report families for unnecessary reasons. For example, one caseworker
gave “retaliation reports” as an example: “I call on you. You call on me. I call on you.” In
our contextual inquiry, we observed a caseworker review a referral where a divorced
couple called on each other three different times and each report was unsubstanti-
ated: the caseworker said these were likely false retaliation reports. The designers of
the AFST themselves noted problems with using re-referral as a target outcome and
they removed it from the AFST model in 2018 [432].

17Here, we hearken back to a question brought up in the Ethical Analysis of the AFST: “The question
is, how can we make the fewest errors in our efforts to protect children and families?” [88]
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Placement. Since August 2018, the AFST (Version 2) only predicts placement.
However, four caseworkers and one supervisor also found issue with using place-
ment in foster care as a proxy for child abuse or neglect. A caseworker said, “knowing
the risk of removal within two years is not feeling like it’s super relevant to the decision that
is needed. And it is very little to do with immediate safety or anything like that.” Two case-
workers said that children were often placed in foster care without any concerns of
child abuse or neglect: there are often other reasons for placing a child. One case-
worker said:

“The majority of these cases [when children are placed in foster care] are not
child abuse in nature, it’s parent-child conflict, the kid doesn’t want to live with
mom or dad or the grandma, the child is saying, ‘I don’t feel safe, I don’t want
to go home.’ And if they go to the police and then saying that information, some
police will take custody of that child and the court has to place that kid. So it’s
just a lot of other variables going on that decide whether or not this child is going
to be placed.”

On the other side, one caseworker and one supervisor said that placement is not the
right option for many families who do have concerns of child abuse or neglect. One
caseworker said families are often reported for safety concerns, without any possi-
bility of placing a child in foster care: “just because the report is being made doesn’t mean
that a kid is going to go into placement.” In prior work, De-Arteaga, Dubrawski, and
Chouldechova [94] similarly note that “[n]ot all cases where there is a risk to the child
result in out-of-home placement.” Lastly, another caseworker said that placement
was not a good outcome to measure because it was a kind of self-fulfilling prophesy:
“risk of removal in two years is inherently going to be increased by our [CYF] involvement,
because we’re the only ones that can remove the children.” De-Arteaga, Dubrawski, and
Chouldechova [94] and Coston et al. [82] also suggest this point.

Workers did not make decisions based on risk of re-referral or placement

Not only did workers say that re-referral and placement were not helpful outcomes
to predict, we also observed workers making screening decisions based on assess-
ments of entirely different outcomes.

Contextual Inquiry Observations: We observed that call screen workers did not
try to predict whether or not children in a referral would be re-referred or placed in
foster care within two years. Workers’ screening decisions were based on different,
shorter-term outcomes related to child safety.

For example, while reviewing referrals, one caseworker said that caseworkers
made decisions by looking for “safety concerns.” This caseworker looked for the fol-
lowing, for example: signs that the child felt unsafe, would be hurt, was left home
alone a lot, was in contact with a child molester, or that the caregiver was under the
influence of drugs, etc. The caseworker also said that caseworkers asked reporting
sources about the following, for example: Is there food in the fridge? Do the kids have
sheets on their beds? Is there furniture in the home? Do the parents have drug or alcohol
problems? Mental health concerns? Domestic violence concerns?

Clearly, re-referral or placement were rarely among the factors that caseworkers
assessed for. Furthermore, these factors were not indicative of a risk of child abuse or
neglect over the span of two years: it will not take a child two years to starve if there
is currently no food in the fridge. The factors that workers looked for when making
their screening decisions were either shorter-term safety concerns, or specific details
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about the referral that could be longer-term sources of risk, regardless of whether
they would lead to removal from home.

2.14 Discussion

2.14.1 Interpretation of the findings

Automated AFST screening decisions would have yielded larger racial disparities

In this paper, we compared two policies for using the AFST in CYF call screening
from August 2016 to May 2018: first, the hypothetical policy where the AFST entirely
automates screening decisions; and second, the actual policy where workers use the
AFST to inform their decisions. We evaluated these policies in terms of racial dis-
parities in both screening rates and predictive accuracy. Our results in Section 2.12
suggest that the automated AFST-only policy would have resulted in larger dispari-
ties in call screening: the AFST-only Black-white screen-in rate disparity would have
been 20.1%. This is larger than both the 11.3% pre-AFST disparity from January 2015
through July 2016 and the 9% disparity for AFST-assisted worker decisions from Au-
gust 2016 through May 2018. Had the AFST automated screening decisions at CYF,
our results suggest that this would have increased the disparity in the rates at which
Black versus white children were screened in for investigation.

Instead, when workers used the AFST, this disparity of 20.1% decreased to 9%.
In order to understand why this occurred, we first looked at how workers disagreed
with the AFST. Rather than disagreeing with the AFST in ways that directly reduced
disparities, we found that workers disagreed with the AFST across the board. Some
of workers’ disagreements contributed to greater disparity and some served to re-
duce disparity. Yet, overall, worker-AFST disagreement led to a reduction in screen-
in rate disparity. We then conducted a contextual inquiry and interviews with call
screening workers at Allegheny County CYF to further understand this pattern. As
shown in Section 2.12.2, we found that workers were not surprised that the AFST
gave racially disparate screening recommendations. Workers made holistic screen-
ing decisions based on their knowledge of relevant context beyond just the AFST
score, and they believed that this ultimately led them to make less racially disparate
screening decisions than the AFST alone would have. Workers made decisions on a
case-by-case basis, focused primarily on the risk and safety of the children involved
in each individual report. Within these bounds, some workers made a conscious
effort to reduce unwarranted racial disparities. Others believed that any reduction
in disparities that occurred due to their disagreements with the AFST was inciden-
tal and unintentional, viewing this as a side effect of making decisions holistically
based on various sources of information available to them. However, the effect of
reducing disparity in aggregate was the same.

Our results run counter to much prior work on racial disparities in human-AI
systems. As Green [144] writes, the “vast majority of research suggests that people
are unable to provide reliable oversight of algorithms” and that human discretion
worsens racial disparities. For example, judges have disregarded criminal risk as-
sessment recommendations in ways that worsen racial disparities [7, 85, 196, 399,
400, 401, 447]. In Mechanical Turk experiments, people have been shown to use
their discretion to make racially biased decisions [146, 148]. We present a case study
in the opposite direction: worker discretion served to decrease racial disparities in the
AFST from August 2016 to May 2018, echoing De-Arteaga, Fogliato, and Choulde-
chova [95], who suggest that CYF workers used their discretion to counteract errors
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in the AFST. As discussed below, further research is needed to understand the im-
pacts of worker-AFST decision-making on predictive accuracy, and to untangle the
extent to which worker discretion served to decrease unwarranted versus warranted
screening disparities.

In the context of this prior literature, our findings suggest that caution is needed
when drawing broad generalizations about the impacts and dynamics of human-
AI decision-making (cf. [95, 170, 417]). In practice, the interplay of human and AI
judgment may yield very different results depending on the specific domain under
study, the abilities and expertise of the humans involved, and the organizational
contexts in which humans and AI are making predictions and decisions.

Was the AFST responsible for the reduction in disparity from pre- to post-AFST?

A key concern for any policy change in child welfare is whether it will reduce or
amplify existing racial disparities. In the description of the official AFST Impact
Evaluation [140], Allegheny County Department of Human Services suggests that
the “AFST led to reductions in disparities of case opening rates between black and white
children” [190]. We also observed a reduction in screen-in rate disparity from before
the introduction of the AFST to after (11.3% disparity from January 2015 through
July 2016 to 9% disparity from August 2016 through May 2018). However, it is
not clear that this reduction in disparity was caused by the introduction of AFST
in August 2016. It is difficult to determine whether and to what extent changes in
disparities can be attributed to the AFST, since the AFST was implemented across all
Allegheny County CYF screening decisions (without A/B testing or randomization)
and there were a number of external factors which influenced call screening —such
as state-wide amendments to mandated reporting laws at the end of 2014 or any
screening policy changes internal to CYF.18 It is also possible that the kinds of refer-
rals being referred from August 2016 through May 2018 were different from those in
January 2015 through July 2016, regardless of the AFST’s recommendations.

Our results show that the AFST gave recommendations which were more racially
disparate than workers pre-AFST. So, several interpretations are possible. For in-
stance, it may be that the workers reduced the overall disparity on their own, by
making decisions largely as they had prior to the introduction of the AFST. On the
other hand, if the introduction of the AFST did contribute to a reduction in screen-
in rate disparities from pre- to post-deployment, our results suggest that workers’
discretion was integral to this reduction. One possible explanation is that the intro-
duction of the AFST may have led workers to reflect on their own biases, resulting
in decisions that were less racially disparate than their decisions in the year and a
half prior to the introduction of the AFST. A second possibility is that workers and
the AFST have complementary strengths and biases, and that the interplay of these
led to less biased screening decisions overall. These possibilities are neither mu-
tually exclusive nor exhaustive: some combination of these mechanisms may be at
play, and additional mechanisms may be possible beyond those mentioned here. We
leave it to future work to further explore whether and how the introduction of the
AFST may have impacted disparities from pre- to post-deployment. In any case,
our results suggest that the observed reduction in screen-in rate disparity can be at-
tributed to human workers, whether or not they used information from the AFST to
do so.

18Here, we refer to amendments to the Pennsylvania Child Protective Services Law (CPSL) that went
into effect on December 31, 2014.
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Was the AFST more accurate than workers?

Prior work suggests that the AFST makes more accurate predictions than workers
[73, 88, 193, 393]. While our results in Section 2.13.1 show that the accuracy dispar-
ity for AFST-only decisions would have been higher than that of worker-AFST deci-
sions, they also show that AFST-only decisions would have been more accurate than
worker-only decisions from January 2015 to July 2016 (55.2% vs 49.7%) and worker-
AFST decisions from August 2016 to May 2018 (51.0% vs 46.5%).19 This increased
accuracy is one of the primary reasons for the use of the AFST [73, 88, 193, 393]. An
official Human Services [192] statement echoed that “not using [the AFST] might be
unethical because of its accuracy.” Yet, the AFST V1’s accuracy is measured in terms
of specific proxies for abuse or neglect (re-referral and placement) over a long time
range (two years). In Section 2.13.2, we found that workers did not agree with these
choices of proxies, and that they viewed themselves as predicting immediate safety
risks—in other words, a different outcome than the AFST, over a shorter time span. This
is consistent with findings from prior work [91, 94]. Thus, while our results suggest
that the AFST is better at predicting the proxy variables it was trained to predict, it
remains an open question how the AFST compares at the prediction and decision
tasks that workers are actually trying to perform. Vaithianathan et al. [435] suggest
that higher AFST V2 risk scores identify children with higher rates of injury-related
hospitalizations, which may be closer to the kinds of target outcomes that workers
actually consider when making decisions.20 However, our results suggest that work-
ers predict different outcomes depending on the specific referral, many of which
may not involve child hospitalization. Overall, our results in Section 2.13.2 com-
plicate the argument that the AFST is more accurate than call screen workers, and
point to critical directions for future research. Without first understanding workers’
objectives when making predictions and decisions, such accuracy comparisons may
essentially be evaluating workers’ performance on a game that they are not playing.

2.14.2 Design Implications

Our results suggest that worker-AFST collaboration yielded lower racial disparity
in screen-in rate than AFST-only decisions, and lend insight into how this reduc-
tion occurred. Here, we provide design implications for potential ways to improve
human-AI collaborative decision-making in child welfare and related contexts.

• Explainable AI and interfaces to empower workers in mitigating algorithmic
limitations. Our findings suggest that workers’ ability to identify instances
where the AFST was over- or under-scoring a referral may have contributed
to a reduction in racial disparity (2.12.2). However, it remains unclear how
accurately and reliably workers are able to do so. Thus, one possible design
implication is to develop interfaces that assist workers in identifying specific
instances where an algorithm may be more or less reliable. For example, in the
AFST context, providing local explanations for AFST recommendations may
help workers in calibrating their reliance on the tool, case-by-case. However,
given recent empirical findings demonstrating ways such local explanations
can backfire in ways that harm human-AI decision-making (e.g., [20, 329]),
further research is needed to understand how these can be designed and pre-
sented effectively.

19We measure the AFST’s accuracy differently than most prior work, which uses AUC (area under
the receiver operating characteristic curve).

20Note that AFST V2 also predicts foster care placement within 2 years, but not re-referral.
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• Value sensitive AFST models. Our results suggest that workers often adjust
for what they perceive as limitations of the algorithm. For example, workers
believed that the AFST was unable to sufficiently account for certain features
(e.g., details of the actual allegation), and the outcomes predicted by the AFST
did not align with the outcomes that workers were predicting. Zhu et al. [474]
suggest involving stakeholders into the design process to make sure their val-
ues are incorporated into the design of an algorithmic system from the begin-
ning. One design implication is for AFST designers to engage with child wel-
fare workers, among other key stakeholders, and to incorporate their insights
and feedback in future iterations of AFST. Some value misalignments between
workers and the AFST were intentionally designed into the system, with the
goal of nudging workers towards different practices. However, in practice we
observed that these misalignments meant that workers often needed to work
around the algorithm instead of working with it.

• Promoting more collaborative decision-making. Child welfare workers of-
ten made decisions collaboratively, both formally and informally. We suspect
that this may have had the effect of curbing workers’ individual biases. How-
ever, in formal collaboration, caseworkers felt they had little agency —even
though they made screening recommendations. The first design implication
is to encourage more regular conversations between caseworkers and super-
visors about caseworkers’ recommendations, so they do not get overlooked.
There may also be opportunities for the AFST interface to promote more in-
formal collaboration. For example, future versions of the AFST or similar tools
could include a feature to suggest caseworkers in the office that have dealt with
similar referrals in the past. This could enable workers to collaborate with the
right person on each referral, which may be particularly helpful when dealing
with highly uncertain referrals.

• Diversity among child welfare workers. Child welfare workers were gener-
ally aware of their own individual biases. Another way to curb these biases
may be to increase diversity among the child welfare workers, especially su-
pervisors (who make the final decisions). As one caseworker stated, it is im-
portant to ensure that there are screeners and supervisors who have “lived the
experience” of the families in a report.

• Be cautious about automating decisions in contexts with existing racial dis-
parities and biases. Our results suggest that workers reduced racial dispari-
ties in the AFST through their patterns of disagreement with the AFST score.
Based on our findings, we strongly caution against fully automating decisions
in high-stakes, real-world social contexts. This recommendation aligns with
prior work in the child welfare context [95]. For the same reasons, even partial
or ‘soft’ automation (like the mandatory screen-in policy in the AFST context)
should be approached cautiously to ensure that they do not incentivize against
potentially productive forms of human disagreement with algorithmic recom-
mendations.

2.14.3 Limitations & Future Work

One limitation of our methods is that the data used in our quantitative analysis is
from August 2016 through May 2018, whereas the contextual inquiry and interviews
were conducted in July 2021. Thus, if workers changed how they used the AFST
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significantly or they are unable to remember how they used it previously, then our
results from the contextual inquiry and interviews may not reflect the reasons why
workers reduced disparities from 2016 to 2018. This is likely not entirely the case,
since caseworkers’ workflow has remained largely consistent over this time frame
(even though there have been some changes in CYF policy around the use of the
AFST, including the roll-out of a new V2 model).

Another limitation of the current work is that we focus on the impacts of worker-
AFST decision-making on overall disparities. We do not investigate the extent to
which worker discretion served to decrease unwarranted versus warranted disparities
in the AFST’s screening recommendations. Our results demonstrate that worker-
AFST decision-making served to reduce the disparity in child maltreatment screen-
ing rate between Black and white children compared to algorithm-only decisions. As
discussed, this is an interesting finding in itself, in light of prior empirical research
suggesting that human discretion often increases rather than decreases disparities.
This finding also has practical implications, as racial disparities in child maltreat-
ment screening have real consequences for children, families, and communities. For
example, higher screen-in rates indicate higher levels of state intervention into fam-
ilies’ lives, starting with an investigation. Such disparities may indicate uneven ap-
plication of interventions or investigations. Importantly however, higher disparities
in screening, on their own, do not necessarily imply unfairness. Disparities may be
warranted if they reflect genuine differences in underlying distributions: a higher
screen-in rate for one group may be justified if there is higher need or higher risk
of maltreatment among children in that group [100, 109, 122, 230]. For this reason,
naively attempting to equalize screening rates across demographic groups without
regard for actual children’s needs and safety could be harmful and counterproduc-
tive. However, it is clear from our interviews and contextual inquiries that this is not
how workers reduced disparities in algorithmic decisions. Rather, workers appeared
to reduce disparities by making holistic assessments of child risk and safety based
on all of the information available to them, and by working to mitigate limitations
that they perceive in the algorithm. An important direction for future research is to
untangle the extent to which worker discretion serves to decrease unwarranted ver-
sus warranted screening disparities. To support such investigations, it will be critical
to overcome limitations of current approaches for measuring accuracy, discussed in
Sections 2.11.3 and 2.13.1.

We present two additional avenues for future work, informed by limitations of
our current work. First, we leave it to future work to conduct a more comprehensive
evaluation of racial disparities between worker-only and worker-AFST screening
decisions. We did not focus on these results in the current paper, due to several
confounding factors that complicate the analysis. These included changes in external
factors—such as a 2015 state-wide policy change in mandated reporting laws and the
COVID-19 pandemic since at least March 2020—for affecting the County reporting
rates and the CYF screening process.21 Second, as discussed, measuring prediction
accuracy is limited by the use of proxy outcomes (re-referral or placement) that do
not align with the outcomes that humans are predicting [45, 95]. It is possible that
people are better than algorithms at the prediction task they are actually performing.
While beyond the scope of the current paper, this remains a critical direction for
future work. For example, future research could involve better understanding what
constructs human workers are predicting, operationalizing these as target measures,

21We visited Allegheny County CYF’s Intake Department in July 2021 when many call screen work-
ers were working from home, due to the COVID-19 pandemic. This has had an impact on the CYF call
screening workflow since March 2020.
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and then re-running some of the accuracy comparisons presented in this paper using
those measures.
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Worker-AI Interaction, Part 3

Exploring Worker-AI Interface Design Concepts

This chapter is taken from the following paper:

Anna Kawakami*, Venkatesh Sivaraman*, Logan Stapleton, Hao-Fei Cheng, Adam
Perer, Zhiwei Steven Wu, Haiyi Zhu, and Kenneth Holstein. “Why Do I Care What’s
Similar?” Probing Challenges in AI-Assisted Child Welfare Decision-making Through
Worker-AI Interface Design Concepts." In Proceedings of the 2022 ACM Designing In-
teractive Systems Conference.

Abstract. Data-driven AI systems are increasingly used to augment human decision-
making in complex, social contexts, such as social work or legal practice. Yet, most
existing design knowledge regarding how to best support AI-augmented decision-
making comes from studies in comparatively well-defined settings. In this paper,
we present findings from design interviews with 12 social workers who use an algo-
rithmic decision support tool (ADS) to assist their day-to-day child maltreatment
screening decisions. We generated a range of design concepts, each envisioning
different ways of redesigning or augmenting the ADS interface. Overall, workers
desired ways to understand the risk score and incorporate contextual knowledge,
which move beyond existing notions of AI interpretability. Conversations around
our design concepts also surfaced more fundamental concerns around the assump-
tions underlying statistical prediction, such as inference based on similar historical
cases and statistical notions of uncertainty. Based on our findings, we discuss how
ADS may be better designed to support the roles of human decision-makers in social
decision-making contexts.
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2.15 Introduction

From social work to content moderation to education and legal practice, data-driven
AI systems are increasingly used to augment human social decision-making: decisions
that rely upon inferences and predictions about the intentions, behaviors, and be-
liefs of other people [23, 260]. AI-based tools are commonly introduced into social
decision-making settings with the promise of overcoming human limitations and
biases [235, 439]. However, in such settings, AI judgments are themselves likely to
be imperfect and biased, even if in different ways than humans [11, 119, 177]. Prior
work across a range of social decision-making contexts indicates potential for front-
line decision-makers and ADS tools to complement each other’s capabilities and
help to overcome each other’s limitations (e.g., [61, 96, 169, 213]). Yet, achieving
such synergy in AI-augmented decision-making is still far from guaranteed. Recent
research demonstrates ways that AI augmentation can backfire in practice, harming
decision quality compared with either human or AI-based decisions alone (e.g., [147,
329, 401, 416]).

To date, little is known about how to design ADS interfaces to support effective
AI-augmented social decision-making in real-world contexts. Such domains tend
to invalidate assumptions often made in less socially-fraught decision settings: that
the available data features are sufficient for optimal decision-making, that the desir-
ability of various decision outcomes is well-established and agreed-upon, and that
the outcome of each individual data point is inherently predictable. By contrast, in
social decision-making contexts, human decision-makers must regularly operate on
nuanced and unstructured knowledge, incorporate subjective and potentially con-
tested values into decision-making, and make judgments despite high levels of ir-
reducible uncertainty about people’s future behavior or life circumstances [96, 221,
303]. Standard approaches to implementing ADS are often at odds with these com-
plexities. For example, the quantitative accuracy of an algorithm may not capture
that so-called “ground-truth” labels are socially contested, as has been observed in
toxicity detection [141] and child maltreatment screening [96]. As a result, the grow-
ing body of AI design knowledge obtained from less contentious and value-laden
decision settings [250] provides only a partial understanding of human-AI comple-
mentarity in social decisions.

In this paper, we begin to explore how these complexities manifest through the
perspectives of frontline decision-makers themselves. To probe the challenges front-
line workers face in their day-to-day interactions with an ADS, we consider poten-
tial re-designs or augmentations to the worker-AI interface for the Allegheny Family
Screening Tool (AFST), an ADS which has been in active use for nearly half a decade.
The AFST is intended to help child maltreatment hotline workers manage high vol-
umes of referrals, assess their risk, and prioritize cases for further investigation [74,
436]. As we discuss in [221], however, workers face a range of challenges in using the
ADS, including limited insight into the algorithm, value misalignments between the
algorithms’ objective function and their own, and organizational pressures around
reliance on the tool. Overall, although the ADS has been in use for several years,
many workers continue to perceive its current design as a missed opportunity to ef-
fectively complement their own abilities. In parallel with the inquiries presented in
[221], therefore, we sought to elicit workers’ perspectives on how specific re-designs
or augmentations to the ADS interface could better support their daily work.

Drawing from prior literature as well as workers’ ideas and feedback, we cre-
ated a range of design concepts to probe workers’ challenges and concerns around
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the AFST, and their desires for new kinds of worker-AI interactions or more fun-
damental changes to the underlying ADS and its role in decision making. Through
two rounds of design interviews with a total of twelve call screeners and supervi-
sors at Allegheny County, we observed strongly favorable reactions to concepts that
promoted worker understanding, control, and feedback—though workers’ notions
were not always aligned with those discussed in prior human-AI interaction and
interpretability literature. At the same time, our design concepts served to open
conversations that revealed discomfort around underlying assumptions of statisti-
cal prediction, such as case comparison and statistical notions of uncertainty. Based
on our findings, we discuss how ADS may be better designed to support the roles of
human decision-makers in social decision-making contexts.

2.16 Background and Related Work

2.16.1 Designing interfaces to support AI-assisted decision-making

ADS are increasingly used to support human work in deeply social contexts, such
as social work, education, healthcare, and criminal justice (e.g., [74, 175, 321, 416]).
To ensure that these systems do more good than harm, it is critical that they are de-
signed to bring out the best of human ability while also helping to overcome human
limitations. To date, scientific and design knowledge remains scarce regarding how
the strengths of human and AI judgment can be effectively combined in practice,
while mitigating the drawbacks of each [20, 96, 169]. Empirical results from research
studying AI-augmented decision-making have been mixed. A long line of literature
in human-computer interaction (HCI), human factors, psychology, and management
science demonstrates that humans are often either too skeptical of useful AI predic-
tions or too dependent upon erroneous predictions and recommendations (e.g., [45,
102, 147, 258]).

Recent research provides early evidence that empowering human workers to
evaluate and (as appropriate) second-guess ADS predictions may support more ef-
fective and equitable decision-making (e.g., [61, 96, 169]). Recently, researchers have
proposed new support tools and interfaces to improve AI-assisted decision mak-
ing, often by providing explanations of AI behaviors. However, several recent ex-
perimental studies have shown that, contrary to researchers’ intuitions, presenting
in-the-moment explanations for an algorithm’s prediction can backfire, encourag-
ing humans to over-rely on algorithmic outputs even in the presence of large errors
that they may otherwise have noticed (e.g., [bandsal2021does, 329]). By contrast,
some recent work signals potential for relatively simple cognitive cues or reflection
prompts to help foster more effective use of ADS [46, 175, 329]. It remains an open
research question how best to foster human–algorithm synergy, particularly in real-
world AI-assisted decision-making contexts.

2.16.2 Challenges in ADS for social decision-making

Recent research has begun to explore the design of ADS to assist human decision-
makers in complex social decision-making contexts. Following [260, 303], we use the
term “social decision-making” to refer to tasks in which a decision-maker must rea-
son or make predictions about the intentions, beliefs, and behaviors of other people–
for example, choosing candidates for a job or a loan, or assessing the risk of future
crime or child maltreatment. Although these decisions are often structured and sys-
tematized by the public institutions that enforce them (including through the use of
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high- or low-tech algorithms [360]), prediction about the future behavior of individ-
uals often resists clear-cut decision rules.

The standard approach to developing ADS often assumes the existence of a “ground
truth” by which an optimal prediction function can be calculated. For example, a
physician’s accuracy in detecting abnormalities in medical images can be measured
by comparing their decisions to an expert consensus [322, 424]. By contrast, the
ground truth labels in many social decision-making tasks—for example, whether
an observed behavior is considered socially “harmful”—may be socially contested
[141, 235] or represent an imperfect proxy for what decision-makers actually predict
[126, 202]. Moreover, risk predictions are often highly uncertain due to individ-
ual variability, an abundance of unmeasured causal factors, and long time-frames
over which outcomes are measured [272, 303, 353]. These features motivate the con-
sideration of AI-assisted social decision-making as a subcategory of AI-augmented
decision-making, requiring greater attention to the sociopolitical and cognitive con-
texts within which these algorithms function [221, 360].

In the current study, we focus on the context of AI-augmented social work, a
high-stakes social decision-making setting where the use of ADS tools is rapidly
spreading [74, 354, 361, 475]. Recent work has begun to investigate how to design
interfaces to support more effective AI-augmented decision-making in social work
contexts. For example, to help workers assess risk of child maltreatment, Zytek et
al. [475] developed and evaluated an AI explanation dashboard to help social work-
ers understand how an ADS arrives at its predictions. Our study complements and
extends this prior work by broadening the scope of possible interface designs to
capture other information the ADS may be able to provide, as well as other possi-
ble roles the ADS could play in social workers’ day-to-day work. In the following
section, we provide a brief overview of child maltreatment screening, the specific
decision task that forms the basis of our study.

2.17 Study Context

2.17.1 The Allegheny Family Screening Tool (AFST) and Workplace Con-
text

In child welfare agencies across the United States, call screeners and their super-
visors make screening decisions on a large volume of child maltreatment referrals
every day, reviewing an extensive amount of administrative history for each case.
Making systematic decisions in such complex, high-stakes settings is extremely chal-
lenging, requiring a balancing act between “erring on the side of child safety” and
“erring on the side of family preservation” [74, 364]. To aid workers in making more
systematic and efficient screening decisions, child welfare agencies have begun to
introduce new ADS tools to support call screeners’ and supervisors’ daily decision-
making.

We focus on the Allegheny Family Screening Tool (AFST), an ADS introduced
to the Allegheny County, Pennsylvania’s Office of Children, Youth and Families
(CYF) Intake/Call Screening Department in 2016. The AFST assists child protection
hotline call screeners in prioritizing and assessing risk in child maltreatment cases,
by providing a risk score indicating the likelihood that a child may be placed out
of home in two years. In Figure 2.7, we show a screenshot of the current interface
showing an AFST score: For every case, it outputs a single risk score between 1 (low
risk of future placement, left-most side of the bar) and 20 (high risk of future place-
ment, right-most side of the bar) [436]. In Figure 2.8, we overview how the AFST is
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FIGURE 2.7: A screenshot showing the AFST interface that the call
screeners and supervisors see when using the tool [433]. The AFST
risk score outputs a single number between 1 (low risk of future
placement, left-most side of bar) and 20 (high risk of future place-
ment, right-most side of bar) for every case. In the image, the tool

gave a risk score of 5.

integrated into CYF’s screening and investigation process: First, a caller (such as a
teacher) calls the CYF hotline center to make a potential child maltreatment report,
i.e., a referral. A call screener must then make a recommendation about whether
to screen in or screen out the report for investigation. To make this recommenda-
tion, the call screener considers the following information: Current allegation details
based on the caller’s claims, other information sources from public records, and the
AFST score (which is generated after the call screener gathers relevant administra-
tive and history information). In their recommendation, the call screener may agree
or disagree with a low or high AFST score. After the call screener gives a recom-
mendation, the case report, the AFST score, and the screener’s recommendation are
passed to the call screener’s supervisor, who makes a final screening decision. The
supervisor may decide to agree or disagree with the call screener’s recommendation
and/or the AFST score. However, if the AFST score is 18 or higher (a mandatory
screen-in score) and the supervisor decides to screen out the case, they must go
through an override process. Screened-out cases are not escalated into the child
welfare system but are recorded for future consideration. Screened-in cases are as-
signed to caseworkers, who may further observe, investigate, or intervene with the
family. For cases in which the supervisor believes there is insufficient evidence to-
wards both decisions, the supervisor may ask the call screener to gather additional
information (e.g., by calling the reporting source) before making their final decision.

2.17.2 Prior Studies on the AFST

The AFST is one of the most well-known public sector ADS, examined extensively
by researchers in the HCI and ML communities [64, 74, 96, 429]. Other public sector
agencies are beginning to view the AFST as an example of what ADS in social work
could or should look like [354]. However, most existing studies on the impact of
the AFST on workers’ screening decisions are based on analyses of historical, retro-
spective administrative data [61, 96]. To date, no prior studies have explored how
the AFST might better support the call screeners and supervisors who interact with
the tool every day. In fact, until recently, there was minimal insight into how call
screeners and supervisors use the AFST even in its current form.

In [221], we conducted field studies at Allegheny County’s CYF to understand
how call screeners and supervisors calibrate their reliance on the AFST. Overall, we
found that workers faced several challenges with understanding and integrating
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FIGURE 2.8: Diagram showing a high-level overview of Allegheny
County’s child maltreatment screening process, illustrating when
an ADS assists call screeners’ and supervisors’ screening decisions.

Taken from [221].

the AFST risk score into their decision processes. Workers felt they were provided
little training and information on how the model works, and they grappled with
value misalignments and organizational pressures that impacted their reliance on
the score. These findings motivate the present design research study, in which we
further examine how workers could be better supported in using an ADS, including
(but not limited to) ways to understand and calibrate reliance on the AFST. We fur-
ther detail how the findings from [221] inspired specific design concepts in Section
2.19.

2.18 Methods

To understand call screeners’ and supervisors’ current challenges, desires, and un-
derlying needs for additional support in using the AFST, we visited Allegheny County’s
Office of Children, Youth and Families (CYF) and conducted a series of field obser-
vations, semi-structured interviews, and design research activities [221]. This paper
presents findings from the latter design activities, which were conducted over two
site visits across a period of two weeks to allow time for iteration between visits. We
generated ten design concepts, each envisioning different ways of augmenting or
redesigning the AFST (cf. [90, 177]). Before the first visit we prepared an initial set
of three design concepts, largely focused on notions of uncertainty and comparison
with historical cases. Building on our observations and design concept-related dis-
cussions from the first visit, we then expanded the set of design concepts to include
a broader scope of possible redesigns or interface augmentations. The ten resulting
design concepts can be organized into four broad categories, as described in Section
2.19 and visually summarized in Figure 2.16.

In each visit, we provided participants with an overview of the study purpose
and methods, and obtained their consent for participation and audio recording or
note-taking. Twelve participants consented to audio-recording and one consented
to having notes taken. Given that we conducted these study sessions during par-
ticipants’ working hours, some participants were unable to complete all study ac-
tivities. In total, we interviewed 12 call screeners and supervisors. The first visit
included five call screeners and two supervisors, and the second visit included six
call screeners and four supervisors. Two of the call screeners and two of the su-
pervisors were present during both the first and second visits. During the second



Chapter 2. Worker-AI Interaction 75

visit, these four participants were only presented with newly-generated design con-
cepts, which they had not already seen during the previous visit. Table D.1 shows
participant demographics, presented in aggregate form to avoid making individual
workers identifiable within their workplace.

2.18.1 Design concept generation

During the first visit, we interviewed workers and observed them as they made AI-
assisted decisions to identify their challenges and needs for additional support [221].
Following the first visit, our research team conducted Interpretation Sessions [184] to
identify design opportunities to support more effective and responsible AI-assisted
decision-making with the AFST. The study protocol used in our second visit in-
cluded prompts around a total of ten design concepts, including concept sketches
to illustrate seven of these concepts visually.

During the second visit, we explored each design concept with participants via
multiple prompts, following prior work exploring the design of ADS tools [103, 175].
For example, we asked workers to envision how they might use a given design con-
cept, whether and how they thought it might influence their decision making, how
useful or promising they find the design concept overall, and what alterations they
might wish to make to the presented concept. With three of these concepts (Q&A
with the AI, Type of “risk” predicted by worker vs AI, and Measuring quality of
worker-AI decisions), our primary goal was to support design ideation rather than
evaluation. Therefore, for these concepts, we did not ask questions about usefulness.
Beyond the pre-determined prompts for each concept, we flexibly probed on other
interesting topics that emerged in participants’ responses.

Many of the design concepts in our study were made more concrete by showing
example case data, intended to help participants envision themselves using each in-
terface. For the concepts presented in the first session, we adapted examples from
real de-identified historical cases, and applied appropriate algorithmic techniques to
generate uncertainty information and nearest neighbors. For example, the Similar
past case outcomes concept was produced by computing nearest neighbors of each
case using a human-interpretable re-encoding of the AFST’s input features. The Un-
certainty due to unusualness visualization was created by comparing the number
of these nearest neighbors that fell within a particular distance threshold. For the
design concepts generated between the first and second visits, we wrote hypotheti-
cal vignettes and data features guided by prior analyses of the historical data. While
these details were not the focus of the study, we took note when participants found
these examples unrealistic as opportunities to improve future designs.

2.18.2 Analysis

Following [103, 177], we analyzed participants’ feedback on each design concept
separately, while also examining trends in their overall feedback across concepts
and iterations (see Figure 2.16). We collaboratively worked through 9.5 hours of
transcribed audio recordings and six pages of additional notes. For each design
concept, we focused our analysis on (1) how useful participants expected the concept
would be, (2) underlying reasons why participants expected that a given concept
would be more or less useful, (3) specific ways participants imagined they could
make use of the presented concept in their day-to-day work, and (4) any suggestions
for design modifications. To help in better understanding participants’ feedback, we
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triangulated their responses with our observations of how they currently make AI-
assisted decisions with the AFST.

2.18.3 Ethics and Participation

Throughout the study, we reminded workers that their participation was completely
voluntary and that their responses would be kept anonymous. To prevent workers
who participated in the study from being identified within their workplace, we only
report participant demographics at an aggregate level.

2.18.4 Positionality

We acknowledge that our experiences and positionality shape our perspectives, which
guide our research. We are all researchers working in the United States. Our aca-
demic backgrounds range across interdisciplinary fields within Computer Science,
including HCI and AI. Some of us have prior experiences studying social work con-
texts or other public-sector decision-making contexts in the United States but not
elsewhere in the world. None of us have been investigated by a child welfare agency
nor adopted or involved in the foster care system. In addition, none of us have
professional experience in child welfare. All authors except two live in Allegheny
County; the other two live in Minnesota and California. To conduct this research,
we collaborated with Allegheny County’s Child, Youth, and Families Department
as external researchers. The analysis and writing were conducted independently
from the department.

2.19 Design Concepts

In this section, we briefly introduce our ten design concepts, seven of which had
visual representations (see Figures 2.9-2.15). For clarity of presentation, we group
the concepts across four broad design topics: Discrepancies between human and
AI decision-making, Enabling worker-AI dialogue, Communicating uncertainty,
and Measurement and feedback on historical decisions.

2.19.1 Discrepancies between human and AI decision-making

In the absence of formal insight into how the AFST works, workers have improvised
strategies to learn about the AFST’s capabilities and limitations on their own (e.g.,
by systematically testing out different outputs to the model and examining the out-
puts). They desired opportunities to gain more direct information about the model,
and particularly to better understand how and why the AFST’s judgments differed
from their own [221]. Therefore, we explored three design concepts that surface
discrepancies between social workers’ and the AI’s decision processes [96, 171].

In Factors the AI did versus did not consider, we first asked participants, “If
the AFST scored a particular case differently than you, would you find it useful to
get a heads-up explaining why it did that?” After participants were asked to elabo-
rate on their responses, they were shown a potential version of the AFST that shows
examples of factors that were influential in determining the AFST score in a given
case, alongside factors the AFST did not use but which human workers may have
taken into account (see Figure 2.9). In Factors the worker may not have considered,
we showed participants an interface which highlights factors the algorithm used
that the worker may not have considered, to support reflection in cases where the
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Demographic infor-
mation

Participant counts

Study participation Design interviews: All participants except S4
Contextual inquiry: All participants except for S3 and
S4
Semi-structured interview: All 13 participants

Study participation
dates

First visit-only: C3, C4, C5
Second visit-only: C6, C7, C8, C9, S3, S4
Both visits: C1, C2, S1, S2

Years in current po-
sition

Call screeners: <1 year (1), 1-3 years (3), 3-5 years (1),
>= 5 years (4)
Supervisors: >= 5 years (4)

Have you ever
worked in your
current position
without the AFST?

Call screeners: Yes (4), No (4), Unsure (1)
Supervisors: Yes (3), No (1)

How long have you
worked with the
AFST?

Call screeners: Since the worker’s employment (5),
Since the AFST’s deployment (3), Unsure (1)
Supervisors: Since the AFST’s deployment (3), Un-
sure (1)

TABLE 2.3: Participants’ self-reported demographics aggregated for
call screeners and supervisors.

worker’s recommendation is at odds with the AFST score (depicted in Figure 2.10).
Whereas the previous two design concepts focus on highlighting potential discrep-
ancies in the factors that the worker versus the AFST may have considered in their
assessments, in Type of “risk” predicted by worker vs AI we invited workers to
reflect upon potential discrepancies between their own prediction targets versus what
the AFST is trained to predict [93]). For example, we asked workers to reflect on
whether they resonated with the idea that, based on their personal experiences,
the AFST may be predicting a different notion of risk than they are predicting as
a worker.

2.19.2 Enabling worker-AI dialogue

In our first visit, participants frequently expressed challenges in integrating AFST
risk scores into their decision-making processes, given that they frequently relied
on case-specific contextual knowledge that was not accounted for in the AFST risk
score [221]. Inspired by these findings, we explored a set of design concepts aimed
at making the AFST interface and score calculation process more interactive. We
generated two design concepts, inspired by challenges and design ideas that par-
ticipants had shared during our first visit: Q&A with the AI, enabling workers to
directly ask the AFST questions about its behavior during use, and Worker control
in AI predictions, enabling workers to tinker with the set of features that the AFST
uses or omits, in order to better understand how certain features are impacting the
score.
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FIGURE 2.9: This design concept invited workers to consider not only
factors that contributed to an AFST prediction, but also factors that

the AFST is unable to take into account.

FIGURE 2.10: In this design concept, the worker would be prompted
to consider additional factors if their assessment is significantly dif-

ferent from the algorithm’s.
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FIGURE 2.11: This design concept, inspired by worker feedback in the
first round, would allow workers to dynamically adjust the factors or

individuals that the AFST uses when computing a risk score.

While this design topic broadly focuses on revealing what factors the AFST uses
to make assessments on specific cases, the two design concepts approach this goal
from a different lens. The prompt for the first design concept, Q&A with the AI,
was intentionally broad: we asked participants to imagine how they might interact
with an AFST that was “more human-like,” so it could answer any question they
asked. The second design concept, Worker control in AI predictions is inspired by
findings from the first visit, when discussing with C3 how they might better under-
stand the AFST’s behavior. C3 proposed that it would be helpful if they could more
easily explore counterfactuals by “[removing] some things out of the score [... to] kinda
play with it and say, ‘if you take this out of there, what kind of score would this person get?’ ”
[221]. Therefore, this concept was intended to support workers in exploring the im-
pacts of removing or adding particular features. We first asked participants whether
they would be interested in having the ability to control the information the AFST
considered to make its assessment, for example, by selecting particular features and
removing them from the score calculation, or adding features of importance. After-
wards, they were shown a concrete sketch illustrating one possible way the concept
could be implemented (see Figure 2.11), and were asked to imagine how they might
use it to inform their screening decisions.

2.19.3 Communicating uncertainty

Prior literature on AI-based decision-support in other high-stakes decision contexts
suggests that uncertainty communication (e.g., visualizing the AI’s uncertainty in a
particular case) may help experts manage their own uncertainty and better calibrate
their reliance on AI recommendations (e.g., [55, 208, 422]. However, much of this lit-
erature has focused on tasks where a single, non-contested “ground truth” exists, an
assumption that may not necessarily hold in child welfare decision-making [96, 141].
It is thus less clear whether uncertainty communication techniques that have been
explored in other domains will transfer well to this this decision-making context.

We presented two design concepts, each exploring a different way for the AFST
to communicate its uncertainty to workers in particular cases. Uncertainty interval
was intended to probe participants’ reactions to a traditional uncertainty visualiza-
tion, the probability density curve (shown in Figure 2.12). Although many more
effective uncertainty visualization techniques have been developed [188, 211], our
goal in presenting this design concept was to convey the general idea that the AFST
could express uncertainty over a wide range of scores, for a given case. We first
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FIGURE 2.12: This design concept draws workers’ attention to the in-
herent variability and uncertainty in outcomes predicted by the AFST,
using a conventional probability distribution superimposed on the

score.

FIGURE 2.13: In this design concept, we explore notions of epistemic
uncertainty related to the unusualness of a case, and provide feature

explanations of why a case could be considered unusual.

broadly probed participants on whether they were interested in having the AFST
tell them “how certain or uncertain it is.” Then, we showed them a concrete sketch
of a possible implementation of the concept. Uncertainty due to unusualness (in
Figure 2.13), on the other hand, considered the “unusualness” of a case, with respect
to the data on which the AFST was trained, as a dimension of uncertainty, prompt-
ing participants to think about how reliable or unreliable the AFST is likely to be for
that particular case [329].

2.19.4 Measurement and feedback on historical decisions

As described in [221], workers described that their existing performance measures
caused them to feel organizational pressures to avoid disagreeing with the AFST
score “too often,” incentivizing them to rely on the score against their best judgment.
While the previous design topics focused on revealing information about the AFST
algorithm to help social workers better integrate the AFST into their daily work, this
design topic explores ways in which their past decisions with the AFST could be
leveraged to improve their use of the tool.

All three design concepts under this topic are intended to explore how partici-
pants value receiving feedback about the outcomes of past cases, and what forms
of feedback they value. Similar past case outcomes shows workers the outcomes
of “similar” past cases to help them think through likely outcomes of the current
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FIGURE 2.14: This design concept portrays AFST scores as founded
on patterns in historical data using observed outcomes from similar
cases, including the top three ‘nearest neighbors’ of the current case.

FIGURE 2.15: This design concept maps out a possible way to mea-
sure whether a worker’s decision is aligned or misaligned with
the final outcome, incorporating commonly-used placement and re-

referral metrics.

case they are working on. First, workers were asked whether they would find it use-
ful to see similar historical cases when looking at the AFST score. Then, they were
shown one possible visual representation of the concept, as shown in Figure 2.14.
By contrast, Feedback on quality of worker-AI decisions encourages workers to
reflect on their own historical decision patterns, by showing them their recommen-
dations or decisions in actual cases that they themselves processed, alongside the
recorded outcomes of those cases. For example, we asked workers to imagine “what
kinds of performance or outcome statistics [they] would find meaningful,” if they
could see confidential feedback on the quality of their decisions over time. Finally,
Measuring quality of worker-AI decisions probed participants on what underlying
performance measurements and outcomes they would find meaningful, as a founda-
tion for feedback mechanisms like those shown in the other design concepts. Asking
specifically about overall decision quality, in addition to individual decision quality,
we showed participants one possible measure of human-AI decision-making that is
used in existing literature today [82, 93, 96] (see Figure 2.15).
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FIGURE 2.16: Matrix showing overall perceived helpfulness for each
participant (columns) and design concept (rows). As shown by the
checkmarks, three design concepts were introduced during the first
visit’s design interviews. The remaining seven design concepts were
introduced during the second visit’s design interviews, informed by
findings from the field observations and interviews from the first

visit.

2.20 Results

In this section, we present findings organized along our four design topics. Fig-
ure 2.16 overviews participants’ ratings of overall perceived helpfulness for each
design concept. Note that for three design concepts, helpfulness is not shown be-
cause the presented concept was intended to support design ideation rather than
evaluation; these responses are shown in white. Discrepancies between cell border
color and fill color indicate that the participant’s assessment of the overall concept
(border color) did not match their assessment of the specific design sketch presented
(fill color). As described in Section 7.12, because we conducted the design inter-
views during participants’ working hours, some were unable to complete all study
activities.

2.20.1 Discrepancies between human and AI decision-making

Workers found it valuable to reflect upon potential reasons for discrepancies be-
tween algorithmic judgments and their own, and they wanted ADS interfaces to
support them in making sense of such discrepancies. In addition, as discussed be-
low, workers resonated with the idea that the AFST was performing a fundamentally
different task than they themselves were performing, which presented a major point
of tension in their use of the tool.

Factors the AI did versus did not consider

Six out of eight participants found this design concept helpful, expecting that it could
support their understanding of how the score was calculated, enable trust in the
score, or better inform their decision to agree or disagree with the AFST score. For
example, S2 envisioned that they could leverage their knowledge of relevant context
that the AFST lacks, in order to assess the relevance of individual factors that influ-
enced the AFST score. If they had reason to believe that the displayed top factors
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were of limited relevance in a particular case, they would then have better evidence
to override the AFST’s recommendation.

By the time workers run the AFST, they have already assembled relevant in-
formation to form their own initial assessment. Given this, C7 suggested that the
design should focus on highlighting “any independent factors, atypical to the normal
[factors that workers take into consideration], that have pushed [the score].” Participants
also wanted to supplement their existing mental models of how the AFST works by
understanding how much the factors impacted the AFST score, not just what factors
were used. For example, S1 described a desire to understand how the algorithm
weighs factors that may be sources of socio-economic bias: “... somebody who is get-
ting public assistance, you know, how much weight is given to that [...] versus that person
who makes over $100,000 [...] How much weight is based on income?” (S1).

Workers expressed interest in using the design concept to identify knowledge
gaps between the ADS and themselves. For example, C9 wondered whether the
concept could support them in identifying “missing current concerns for safety” by
showing a list of safety and risk factors to inform their recommendation. Similarly,
S2 described that the factors shown could be useful, even if they did not believe they
should be considered in the model’s risk score. They described that knowing when
such factors were considered in the score could help them justify their decisions to
disagree with the score.

Factors the worker may not have considered

Overall, participants were motivated to understand why the AFST might disagree
with their initial screening assessments. All but one of the seven workers who were
shown this design concept found it at least somewhat helpful. Workers appeared
open to adjusting their assessments if the AFST could provide reasonable evidence
that it was making a better-informed risk assessment than they were. Echoing par-
ticipants’ responses to the previous design concept, Factors the AI did versus did
not consider to support more informed decisions about when to agree or to disagree
with the AFST, participants expressed the need to know how the AFST’s algorithmic
reasoning diverges from their own, so that they could assess possible shortcomings
in both their own and the AFST’s assessment.

It was not enough to see a summary of key factors the AFST used: To facilitate
such comparison, participants desired the ability to see how the AFST weighed var-
ious factors, in addition to seeing the set of factors that it used. Furthermore, all
seven participants expressed that the usefulness of this kind of interface would de-
pend heavily on the level and kinds of detail it offers to explain particular worker-AI
disagreements. For example, one participant argued that the interface would need
to allow workers to dive into more concrete details related to each factor, to support
workers in personally assessing that factor’s relevance to child safety as needed (cf.
[50, 175, 264]). After seeing one of the example factors that we presented in our
concept sketch, C2 said,

“This is the mother’s fourth referral. What is in the report? Because that could
be mom’s fourth referral on the same incident. These people are sick of her. Like
truancy or her kids are playing outside, not doing anything wrong. [...] We get
a lot of [...] retaliation reports. Like, ‘I call on you. You call on me. I call on you.
You calling on me. Calling on you, calling on me.’ All of those reports, they keep
coming in, keep coming in, keep coming in. And eventually, the [AFST] score is
going to be [very high] regardless of what it is.”
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Similarly, S1 stressed the need to see more detail about each factor: “if it’s not going
to tell me, ‘These are the things that we considered and this is how the score came about,’ [...]
then it [does not] mean anything.”

Type of “risk” predicted by worker vs AI

All five workers who received this prompt resonated with the idea that the AFST
is predicting a fundamentally different notion of “risk” than they are. For example,
C7 and S3 valued assessing immediate safety risks on timescales of days to months, as
opposed to trying to assess longer-term risk of child maltreatment on timescales of
months to years as the AFST does. C7 raised the point that risk of placement does
not necessarily indicate risk of harm, and vice versa, especially in the short term:

“... we don’t really consider, like, when you’re doing a referral, will this child be
removed. It’s, like, more like will this child be harmed, or, you know, like, in the
immediate... And it’s more safety than risk of removal.”

Similarly, C9 felt that limitations in the AFST’s ability to understand relevant con-
text produced misalignments with their own decision-making goals, and limited the
AFST’s usefulness. For example, believing that the AFST predicts risk of system
involvement (i.e., risk that a family will use public services), they discussed the al-
gorithm’s inability to distinguish between positive versus negative engagement with
services:

“Cases like for the older teenagers, I mean, there may be at risk to system in-
volvement but, like, the risk or safety are not necessarily as high just because
they’re not home as much. [...] It could be the parent also, you know, is involved
with mental health or whatever. But that shouldn’t necessarily be a negative,
because if they’re, you know, following up with their medical care, that’s not
necessarily a bad thing.”

2.20.2 Enabling worker-AI dialogue

Overall, participants responded positively to designs aimed at supporting dialogue
between workers and the AFST. Below, we summarize findings connected to these
three design concepts, highlighting opportunities to better address workers’ needs.

Q&A with the AI

The four participants who were shown this design concept generated a variety of
questions for a hypothetical version of the AFST that could have a “human-like”
conversation with them (cf. [264]). Participants envisioned asking the AFST about
important factors that were strongly contributing to its risk score calculation. Par-
ticipants were particularly interested in learning about aspects of a given case that
made it atypical or unique among historical cases, in ways that might impact the
AFST’s reliability. A couple of participants expressed interest in asking the AFST
about trends in its behavior across time and across similar historical cases. For in-
stance, C6 said it would be helpful to see a timeline of previously calculated scores
for a case that has multiple past referrals, in order to understand how and why the
AFST score evolved over time in response to unfolding information. C7 wanted
to see the AFST’s predictions for “similar” historical cases, along with information
about the actual outcomes of each case. They described how this information could
help them better gauge the validity of the AFST score on similar kinds of cases, by
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grounding their understanding of the AFST’s predictions in subsequent real-world
outcomes. C7 also noted that the ability to ask questions regarding the specific data
sources the AFST uses could help inform their decision-making in particular cases:
“I would love to know if we could just have a general idea of where the score comes from, just
knowing what data sources it’s using.”

Worker control in AI predictions

All eight participants who were presented with this design concept expected that it
would be helpful in their day-to-day decision-making. Although we presented this
concept, in part, as a way to help workers better understand the impacts particular
factors have on the AFST score, workers also saw opportunities to use such an inter-
face to imbue the AFST with important contextual knowledge that the AFST might
otherwise overlook.

Workers envisioned a wide range of ways they could use this design to help mit-
igate limitations they perceived in the existing AFST. For example, workers reflected
on how the current AFST protocol requires them to include information about in-
dividuals who are not relevant to the child’s safety, such as collateral relatives or
deceased family members who are no longer active in the child’s life, when calculat-
ing the AFST score. Based on their past experiences using the AFST, they believed
these factors disproportionately impacted the AFST score. S1 expressed another in-
teresting goal for omitting certain information from an AFST score calculation: They
wanted to mitigate the AFST’s use of data from the distant past, for individuals
whose present state is no longer well-represented by their past records. In particu-
lar, they explained that some families who are currently at low risk for child mal-
treatment may be unfairly assessed by the AFST based on actions from several years
prior: “[How] can I balance out father went to jail 10 years ago, but now father is out here
being a productive citizen doing what it is that he needs to do? But based on where [the
AFST is] pulling everything from, it’s pulling that, but it’s not pulling it that father is now
a productive citizen” (S1).

Two participants (C3 and C7) were initially concerned that they may not be “ed-
ucated enough” (C7) to make such customizations or that they may make biased deci-
sions when omitting variables, especially given their overall skepticism around the
current version of the AFST. However, they ultimately expressed interest in the de-
sign concept after seeing a concrete design sketch. Both call screeners, along with
one supervisor, emphasized that they would like a way to stay accountable for the
decisions they make about factors to adjust in the AFST calculation. C3 and C7
suggested that it would be useful to show both the original and the adjusted AFST
score to their supervisor in the case report. S2 suggested that the design integrate an
open text field where workers must rationalize how they adjusted the AFST score,
noting that these accountability measures can both encourage workers to respon-
sibly use the new capabilities offered by the design and, in the process of writing
their explanations, give them an additional opportunity to reflect on the validity of
their justifications. These ideas align with existing accountability structures at CYF,
where supervisors assess call screeners’ recommendations when making their final
decision and workers regularly have informal, collaborative discussions about case
assessments and the AFST score for particular cases.
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2.20.3 Communicating uncertainty

Participants’ reactions to uncertainty communication was considerably more varied,
compared with other design concepts discussed above. Although workers appreci-
ated the idea of raising awareness that algorithmic risk predictions can be uncer-
tain, they had difficulty envisioning how the AFST’s uncertainty might impact their
own decision-making, given how they currently calibrate their reliance on the tool.
As we discuss in more detail below, our findings suggest that in the context of AI-
assisted child welfare decision-making, uncertainty communication may be most
useful when it maps to a notion of uncertainty that is already familiar and tangible
to workers, such as uncertainty due to missing or unreliable information.

Uncertainty interval

Some participants gravitated towards the general idea of communicating uncer-
tainty in the AFST score. For instance, when presented with a sketch of a probability
interval over the AFST score, C1 naturally interpreted this in terms of the factual
reliability of the input data to the tool:

“Maybe if [past] reports were not founded, you’re gonna end up more [on the
lower end], but if there’s more that were founded or there’s more factual infor-
mation, I can see how it could fall into [the upper end]. I think it gives us more
leeway when we’re going to make our recommendation.”

Some participants expected that visualizations of the AFST’s uncertainty in particu-
lar cases could help them decide how heavily to weigh the score when it disagreed
with their assessment, especially in “edge cases,” where they themselves felt highly
uncertain (C3, C6). Similarly, C7 and C9 expected that uncertainty visualizations
might encourage them to look more closely at the referral documentation to under-
stand a wide score range.

In contrast, other participants expected that an interval-based uncertainty visu-
alization would not affect their decision making, either because they lack trust in the
AFST for reasons that such a visualization would not address (C2, C4), or because
they would simply ignore the probability representation and use the peak score (S1,
S3). In line with this second reason, C5 expressed concern that the probability curve
would “just make me even more confused, I think. I really feel like I’m not all that savvy
with this stuff.”

Uncertainty due to unusualness

Participants were more receptive to this formulation of uncertainty than they were to
Uncertainty interval, given that it aligned with intuitive notions regarding why the
AFST might be uncertain, and also because the list of unusual factors could double
as a method to explain the score to them. C6 noted that “when you have a high score
but cannot figure out what is possibly generating that – which would probably fit into the
unusual referrals – I think for those kinds of things, it could be helpful.” A few participants
were particularly interested in the factor “no perpetrator listed” displayed in the
concept sketch, since it resonated with their conception of uncertainty as missing
information in the referral (C2, C7). C7 recalled a past case in which uncertainty due
to missing data led to a disagreement with the AFST score:

“This child had significant behavioral health issues and substantial behavioral
health diagnoses... but the services were from another county. So that would’ve
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been missing data. . . It was one that had to ultimately be screened in even
though it was a low risk [AFST score]. So yeah, things that would tell us what’s
unusual about something would be helpful.”

By contrast, S3 was skeptical about highlighting missing information such as “no
perpetrator” because supervisors can already assess unusualness by reading the re-
ferral:

“If I saw no perpetrator was listed and thought it was unusual, I’d just think it
was unusual. I don’t need [the tool] to tell me.”

Overall, participants were receptive to uncertainty communication approaches that
could alert them to data inconsistencies or outliers impacting the score, but only
insofar as they believed these approaches could complement (rather than duplicate)
their own abilities to detect such features.

2.20.4 Measurement and feedback on historical decisions

Overall, participants had mixed responses to the three design concepts on measure-
ment and feedback. For all three design concepts, some participants expressed dis-
comfort with the ideas presented in the design concept while suggesting ways in
which it may be improved; others saw potential in the design concepts’ abilities to
surface and enable them to benefit from historical case decisions.

Similar past case outcomes

The goal of this design concept was to aid workers’ decision-making by allowing
them to compare their current case, at decision-time, against similar past cases with
known outcomes. Out of the nine participants who were asked about seeing the
outcomes of similar past cases at decision-time (Similar past case outcomes), six
believed that this capability would be at least somewhat useful in informing their
decisions, two believed it would not be helpful, and one was uncertain. Participants
who saw value in this design sketch believed it could help to standardize decision
making across workers (C1, C6), while those who perceived risks in this sketch noted
its potential to further perpetuate existing biases in child welfare decision-making
[C3, C7, S1, S3]. In the former case, C1 felt that seeing the outcomes of past cases
would empower them to feel more confident in decisions that they perceive as par-
ticularly high-stakes, because “you can see trends and statistics and factual information
to back up and support what you’re trying to recommend.” This desire to justify decisions
to others, also observed in some call screeners’ and supervisors’ responses to Factors
the AI did versus did not consider, emerged as an important design consideration,
given the collaborative nature of social workers’ decision-making with the AFST.

At the same time, many participants objected to the underlying assumption that
child maltreatment referrals could be compared in the first place. S3 presented a par-
ticularly strong critique of the notion of using similar cases to make future decisions:

“Why do I care what’s similar? It’s not this case. I don’t care if your neighbor’s
case is kind of like yours – it doesn’t relate to what’s going on at your house...
I’m not dealing with your neighbor.”

Furthermore, C7 warned that decision-makers might fall into the trap of believing
similar cases always lead to similar future outcomes, causing biases to become even
further entrenched in their decision processes. Other participants were skeptical
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about whether the ways similar cases were retrieved would actually reflect aspects
of the cases workers considered meaningful. For example, C2 expressed disbelief in
the example metrics shown in the design (which were extracted from real historical
cases), explaining that “it’s just a lot of other variables going on that decide whether or not
this child is going to be placed.” For these participants, the utility of this design would
“depend on how much detail you knew about the previous case” (C6).

Feedback on quality of worker-AI decisions

In our first visit, we learned that workers currently have little to no opportunities
to receive feedback on their AI-assisted decision-making [221]. We used this design
concept to explore what forms of feedback supervisors and call screeners would find
meaningful, and what impacts they imagined such feedback could have on their de-
cision processes. When asked about the helpfulness of seeing feedback on the qual-
ity of their own historical decisions (Feedback on quality of worker-AI decisions,
four of the six participants presented with this concept expected it would be at least
somewhat helpful, and two expected that it would not be helpful. We observed two
prevailing narratives: some participants believed the outcomes of cases on which
they make decisions are not, and should not be their responsibility; at the same time,
other participants saw value in receiving feedback to learn from their mistakes and
identify potential biases in their decision making.

Two participants (S1, C2) were not interested in knowing the outcomes of cases
on which they make screening decisions. S1 expressed that there are already too
many things to worry about in their day-to-day job, so having additional metrics to
concern themselves with might not be productive:

“For me, once it leaves the call center, I’m done with it. I don’t care what happens
with it. I have no vested interest in those numbers. Once it’s out of here, it’s out
of my hands. Because there’s just too many. There’s too much stuff that’s going
on currently to have to worry about what’s going on out in another office.”

C2 shared that they occasionally get curious and look up the outcomes for cases
they have previously reviewed: “I keep a list of certain ones that are like, ‘Ooh, what hap-
pened?”’ However, they explained that viewing outcomes on past cases does not in-
fluence how they make decisions in the future, given the many factors beyond their
control that can influence case outcomes. Furthermore, both C2 and S1 expressed
fears that any mechanisms to provide feedback to workers on their decision mak-
ing could readily be appropriated by management and transformed into tools for
expanded oversight of their work, which would be used to assess them negatively.

Other participants, including both supervisors and call screeners, expected that
receiving aggregate feedback on the quality of their decisions might help them learn
from their past mistakes, including by helping them mitigate the impacts of personal
biases that may affect their screening decisions. Furthermore, S2 explained that any
feedback workers currently receive on their performance tends to be negative, which
can decrease workers’ morale over time. As such, S2 saw opportunities for a feed-
back interface to support greater balance, providing more opportunities for positive
feedback on worker decision making.

Call screeners expressed varied goals and desires for feedback on their decision
making. For example, C7 was most interested in seeing how well their recommen-
dations aligned with their supervisors’ final case decisions, which are ultimately
informed by a call screener’s compiled report and recommendation, as well as the
AFST score: “Usually, I feel like we’re generally on the same page for stuff, but I would like
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to see, like, how our recommendations go versus what, yeah, what is ultimately decided.”
C6 said they would be interested in seeing feedback “just for [their] personal growth,”
while C7 was excited about using the feedback as a way to encourage light-hearted
competition with their peers: “Oh, I’d love [seeing feedback]. We would turn it into, like,
a challenge area to see who could be the best worker.” This excitement for gamifying feed-
back and promoting comparison across workers contrasts with other participants’,
particularly supervisors’, concerns that such mechanisms might be appropriated by
management to negatively assess their performance.

Measuring quality of worker-AI decisions

This design concept presented participants with one possible method for measuring
the alignment between their decisions and actual case outcomes: measuring how
often decisions are aligned with re-referral or placement outcomes. Indeed, this
measurement approach maps closely onto the AFST’s objective function: the tool
is trained to predict the risk of removal and previously predicted risk of re-referral.
When presented with this proposed measurement approach, which might be used
to support implementation of feedback mechanisms such as those discussed above,
three participants ideated possible ways to improve upon this simple performance
metric to better capture important nuances in their decision processes. Workers’
ideas regarding how best to measure decision quality aligned with the values that
they and others described in response to Feedback on quality of worker-AI de-
cisions. As discussed below, they desired measures that would (1) support posi-
tive feedback, not just negative feedback (C7), (2) capture the notion that they have
greater responsibility for outcomes that occur within a shorter time period, follow-
ing their decision on a case (S2), and (3) highlight discrepancies between call screen-
ers’ recommendations and supervisors’ decisions (C6).

Workers voiced concerns about naively using placements or referrals to track all
case outcomes, regardless of the specific context of a case. For example, C7 charac-
terized placements as usually being the “harshest thing [they] do,” and yet placements
can also be a positive outcome if the case is severe: “[I would feel good about my past
decision] I guess if it’s a severe situation, like, if a child was placed [...] in a family [...] or if a
child got services, or if [the case] was closed and then they came back, those are all good [out-
comes].” C7 also expressed discomfort with the presented measurement method’s
exclusive focus on outcomes that are usually considered negative:

“...if we’re screening something in, we hope to address the issues and avoid re-
referral, right? Isn’t that kind of the idea of screening something in [...] I don’t
like [using placement outcomes] either. I mean, because if we’re screening it in,
we want to avoid placement.”

For these reasons, as C7 emphasized, it may be too simplistic for a measure of deci-
sion quality to encode that if a decision is made to screen-in a case, and the resulting
investigation yields a placement or re-referral, that this means the choice to screen-in
the case was necessarily a “good” decision. Furthermore, S2 raised the point that,
over longer time periods, outcomes on placement and referral are increasingly un-
likely to be related to their decisions. For example, children might be placed because
of a change in family circumstances, such as a single mother passing away, that they
have no way of predicting. Thus, this supervisor suggested that a measure of deci-
sion quality only considers re-referral and placement outcomes within a 90 day time
frame.



90

2.21 Discussion

In this study, we probed social workers’ challenges in integrating a well-established
ADS into their day-to-day decision-making. We explored their desires for new kinds
of worker-AI interactions using a set of ten design concepts, inspired by workers’
prior feedback and design ideas, as well as ideas from prior research literature.
These concepts highlighted discrepancies between human and algorithmic decision-
making (Section 2.20.1), potential ways to engage in dialogue with an ADS (Section
2.20.2), various notions of uncertainty (Section 2.20.3), and measurement and feed-
back on historical AI-assisted worker decisions (Section 2.20.4). Our findings sug-
gest fundamental challenges to designing effective ADS in social decision-making
contexts, that existing algorithmic tools do not account for. Below, we discuss impli-
cations drawn from each of the ten design concepts, followed by a broader reflection
on our findings.

2.21.1 Concept Implications

In this section, we discuss implications of our findings, organized by design topic.
Throughout this section, we highlight a set of 13 key takeaways (see numbered list
items).

Discrepancies between human and AI decision-making

Existing XAI techniques have often focused on communicating model features and
weights to support decision-makers in understanding how an ADS arrives at its
predictions or recommendations [379]. However, little research has explored the de-
sign of interfaces that prompt decision-makers to reflect on factors an ADS did not
consider, but which may have informed their own decision-making. Through the
Factors the AI did versus did not consider design concept, we found that social
workers were highly receptive to the concept of ADS interfaces that explicitly sur-
face knowledge gaps between the worker and the ADS. An interesting line of future
work could be to design ADS interfaces that display explicit prompts about fac-
tors that human practitioners commonly take into account in their decision-making,
contrasted against the outputs of existing XAI approaches focused on feature im-
portance. The contents of such interface prompts could be informed by in-depth
field studies and retrospective data analyses of human decision-making in specific
real-world decision-making contexts.

(1) Design ADS techniques and interfaces that display an awareness of the factors that a
human decision-maker would be expected to use, in contrast to those used by the AI.

Workers not only viewed the Factors the worker may not have considered de-
sign concept as helpful for informing their own decision-making, but also for sup-
porting them in explaining and justifying decisions to their supervisors. For in-
stance, if workers believed that certain factors the model took into account were not
relevant to a case, or that the model overlooked factors that were critical to a given
case, this design concept could support them in justifying their decision to over-
ride an algorithmic recommendation. While the idea of re-targeting ADS towards
bureaucratic processes has been discussed in the literature [182], the use of AI expla-
nations to facilitate collaborative decision-making could be a strategy to improve the
usefulness of ADS systems despite retaining imperfect predictive targets.



Chapter 2. Worker-AI Interaction 91

(2) Explore ways for explainable ADS interfaces to support workers’ needs in tasks ex-
tending beyond decision-making, such as the need to justify agreement or disagreement
with the risk score to peers.

While the above design concepts largely focused on input features, the Type of
risk predicted by worker vs. AI concept illustrates the tensions that result from os-
tensibly unjustified misalignments between workers’ own decision targets and the
ADS’s. Future ADS designers should engage workers in co-designing ADS pre-
dictive targets and objective functions that workers understand as complementing,
rather than clashing with, their existing decision processes. If taking the stance that
predictive targets should actually alter workers’ existing decision processes, as in the
case of the AFST, ADS designers should collaborate with workers to jointly identify
concrete opportunities to improve existing decision processes and to co-develop a
vision for how an ADS can help them achieve these improvements.

(3) Engage workers in the co-design of ADS predictive targets that are intended to com-
plement their decision-making.

Enabling worker-AI dialogue

In line with prior work on human-centered explainable AI (HCXAI) that has asked
practitioners what kinds of questions they might like to ask of predictive models,
our Q&A with the AI design concept yielded a wide range of responses. Many of
the questions our participants generated align with common questions identified in
prior work, such as the contributions of a given feature in determining AI outputs,
the typicality of a given case compared with historical cases represented in the sys-
tem’s training data, or the source of the data that the system learns from and uses
[264, 379]. However, workers were also interested in interactions that have been less
explored in the HCXAI literature. For example, to inform their decision-making,
some workers were interested in contextualizing the AI model’s current output within
the history of a given case by probing how the AI prediction may have changed across
time in response to changes in the data for that case. Other workers were interested
in gaining a grounded understanding of the AI model’s reliability on cases similar
to one under consideration, a point that is closely related to our design concepts on
measurement and feedback.

(4) For repeated risk assessments on the same individuals, provide workers with opportu-
nities to understand how the predicted risk may have changed over time.

The Worker control in AI predictions design concept was one of the most favorably-
received concepts in our study. While this design concept was intended to help
workers understand the impacts of data inputs on the risk score, workers envisioned
ways the design could go beyond understanding the score and support meaningful
worker discretion and control using their case-specific, contextual knowledge. Prior
literature on algorithm-assisted decision-making has discussed tradeoffs between
increasing model transparency and opening opportunities to ‘game the system.’ For
instance, Saxena et. al. found that caseworkers tweaked inputs to CANS, a decision
support tool, because they felt ‘gaming the system’ was the only way for them to re-
gain agency over their decision-making process [360]. In our study, however, work-
ers imagined ways to exercise their agency in informing the algorithmic score calcu-
lation while still maintaining accountability for their actions. For example, workers
proposed expanding their existing call screener-supervisor accountability structure
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around this design concept, by requiring that workers provide an open-text explana-
tion for changes made, and by ensuring that both the original and worker-updated
risk score are made visible when others in the organization review screening rec-
ommendations. It remains an open question what combinations of worker con-
trol and accountability mechanisms might support acceptable trade-offs between
overcoming algorithmic limitations and neutralizing its potentially complementary
effects. Furthermore, the implementation and validation of such user-controllable
ADS would be a significant technical endeavor.

(5) Investigate the technical feasibility of risk prediction tools in which feature values can
be interactively adjusted to account for contextual factors known to the decision-maker.

(6) Design bureaucratic structures that enable the contextual adaptation of ADS predic-
tions while maintaining accountability.

Communicating uncertainty

Although participants understood that the probability curve was a better reflection
of the “fluid nature of the score” [S2] than the current point estimate, most found this
sketch unhelpful. These findings largely align with literature on uncertainty visu-
alization showing that decision-makers commonly ignore probability curves when
presented alongside point estimates (e.g., [211]). Data visualization research has
often focused on this conventional depiction of uncertainty, improving its efficacy
through the use of discrete representations and animations [188, 211, 225]. How-
ever, our results suggest that seeing a range over possible outcomes may not be the
right kind of uncertainty to visualize in this context. By contrast, visualizations that
are designed to align with workers’ existing notions of “uncertainty”, such as Un-
certainty due to unusualness discussed below, may be more actionable.

(7) Communicate uncertainty in terms of concrete sources of variation that align with
existing decision-maker notions of uncertainty, rather than through generic represen-
tations (e.g., probability distributions).

To our knowledge, unusualness has not been investigated as a form of uncer-
tainty communication in AI-assisted decision making, although it is similar to no-
tions of epistemic uncertainty proposed in machine learning [315]. It is therefore
notable that Uncertainty due to unusualness resonated with participants more than
conventional depictions of uncertainty, both because it tapped into decision-makers’
existing conceptions of uncertainty and because it explained the algorithm’s confi-
dence level using familiar data features. In light of recent mixed findings on the ef-
fects of local feature explanations on decision-making performance [bandsal2021does,
472], combining explanations with uncertainty metrics in this way is a promising av-
enue for future work. Additionally, our discussions with participants around design
concepts Uncertainty interval and Uncertainty due to unusualness highlighted the
ways in which workers account for the state of their own knowledge at the time of a
decision, in accord with prior work on expert decision-making [55, 208, 422]. Future
work should explore strategies to communicate these alternative forms of algorith-
mic uncertainty (e.g. unusualness and data missingness) to complement workers’
awareness of their own uncertainty.

(8) Explore technical methods for not only quantifying ADS uncertainty, but explaining
uncertainty in terms of data features.
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(9) Design ADS interfaces that help workers make sense of their own uncertainty, and
adjust their decision-making accordingly.

Measurement and feedback on historical decisions

Making inferences based on similarity between cases is a fundamental underlying
assumption of statistical risk assessment tools in general, including the AFST. By
rendering this underlying assumption more salient to workers, the Similar past case
outcomes design concept provoked strong reactions of both hope and discomfort–
a reflection of participants’ attitudes towards quantitative comparison of families.
Building on Cheng et al.’s work using interactive case comparison to elicit fairness
notions [64], this design illustrates how greater transparency into an algorithm’s
conceptualization of “similarity” can lead to greater confidence that a statistical risk
assessment is founded in real data. However, participants’ reactions also highlighted
the limits of case comparison–not only because decision-makers believe families are
ultimately non-comparable, but also because the axes for comparison are typically
limited to shallow, incomplete administrative data.

(10) Explore ways to allow workers to (partially) inform risk score calculation by defining
contextually appropriate similarity metrics.

In the concept Feedback on quality of worker-AI decisions, we explored work-
ers’ desires for performance feedback on their AI-assisted decision-making. While
some workers were excited about the idea of receiving feedback, others expressed
disinterest or concern about the prospects of having their decision-making mea-
sured. For example, workers in this study expressed fears that any performance
measures may be repurposed by their organization for surveillance purposes. This
concern surfaced even though we asked workers to imagine that the feedback would
only be used for their own benefit and that others would not see it. Moreover, given
that workers were already overloaded and overwhelmed, they worried that receiv-
ing performance feedback, and having to sift through and interpret it, might simply
add an additional burden to their workday. Given that feedback is critical in order to
improve decision-making over time, future work should examine how to alleviate
these obstacles toward accepting and utilizing feedback.

(11) Explore the design of technologies and organizational structures that provide workers
with time, space, and incentives to care about and benefit from feedback.

Prior studies on the impact of ADS tools on human decision-making have of-
ten defined performance according to whether the decision taken (e.g., screening in
a child maltreatment call for investigation) aligns with an observed outcome (e.g.,
whether a child is later removed from their home). In our study, when we pre-
sented workers with the Measuring quality of worker-AI decisions concept, they
highlighted shortcomings of this measurement approach, while both validating and
nuancing known limitations reported in prior literature.

First, Coston et. al. [82] noted that the action taken may influence the outcome
that is observed. For instance, a worker may have been correct in screening-in a
family for investigation, despite the absence of future re-referrals, precisely because
the resulting investigation connected the family to services that helped to prevent
those re-referrals. Workers in our study also expressed concerns with making causal
claims about their own decisions leading to observed outcomes, noting that there
are many other factors, besides their own decision, that could lead to placement.
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Second, in social decision-making contexts, good decision-making is often not
synonymous with high predictive accuracy for an observable outcome. In our study,
workers also expressed discomfort with associating placement with good decision-
making, given the case-specific factors that nuance how an observed outcome should
be interpreted. For example, workers described that placement may be interpreted
either as the harshest possible outcome, which workers try to avoid, or as a desirable
outcome, depending on the child’s specific circumstances. Given the importance of
observable outcomes in designing effective performance measures, future research
should explore how we might balance the ethical and societal tradeoffs between col-
lecting more data and improving measurement quality.

(12) Explore improved human-AI decision-making measures that account for both the de-
cision process and outcomes that are reflective of human’s decision targets, which may
deviate from that of the ADS’a objective function.

(13) Explore ways to directly involve workers in co-designing appropriate ways to evaluate
their own AI-assisted decision-making processes and outcomes.

2.21.2 Broader Implications

While the above implications follow directly from the design concepts we devised,
participants in our study often engaged with the proposed interfaces at a deeper
level, seeing “through” the interfaces to critique the underlying assumptions and
objectives of the AFST. In workers’ reactions of surprise and distrust as much as
in their enthusiasm, we begin to see a complex picture of how frontline decision-
makers envision possible partnerships with AI. As we discuss below, these findings
address some general challenges in algorithmic decision support, but they are more
importantly grounded in the fundamental challenges of social decision-making.

For example, participants repeatedly cited their reliance on contextual knowl-
edge obtained through referral histories and conversations, which they used to judge
the relevance of particular features of a case. As we observed through the Factors
the worker may not have considered and Worker control in AI predictions con-
cepts, workers were often concerned with the impact of specific individuals on the
score, such as a parent who has a long referral history or who does not play an active
role in the child’s life. In these cases, even the ability to preview how the risk score
changes in response to different feature values, a feature that has been explored in
prior system-building studies [475], may be insufficient to render the ADS useful.
Rather, workers envision the ADS as a way to summarize a risk prediction informed
both by administrative data and their contextual knowledge, and to communicate
these assessments succinctly to collaborators. This kind of future may require ADS
algorithms and interfaces that are reconceptualized as communication tools, rather
than static predictions. At the same time, new methods of validating ADS and strate-
gies to mitigate ‘gaming the system’ behavior [360] may help promote accountability
and consistency in the use of such systems.

Another recurring topic in discussions with participants was that the metrics
used by the ADS to measure decision accuracy do not align with their own, a com-
mon characteristic of social decision-making domains [126, 416]. While the predic-
tive target in the current version of the AFST is intentionally designed to nudge
workers towards considering longer-term risk (aligned with practices in some health
domains [436]), our findings suggest a need to reconsider the validity of the model’s
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targets in the context of workers’ own decision objectives (see Type of “risk” pre-
dicted by worker versus AI and Measuring quality of worker-AI decisions). Fu-
ture work should explore ways to redesign ADS targets and measures to comple-
ment workers’ existing decision processes and objectives. Until workers’ underlying
value misalignments with the model are addressed, interface improvements to the
ADS may fail to fully capitalize on humans’ and AI’s complementary strengths.

Perhaps most fundamentally, workers expressed doubt about core aspects of sta-
tistical risk prediction, including the management of uncertainty and comparing
families based on administrative data. Workers certainly acknowledged uncertainty
in their own decision-making, yet their reactions to the Uncertainty interval and
Uncertainty due to unusualness concepts indicated skepticism that knowing the
algorithm’s uncertainty would help them. While visualizing the uncertainty or con-
fidence of a prediction is often cited as a strategy to calibrate reliance [422, 472],
participants in our study preferred to be alerted to uncertainty (potentially beyond
the model) that might make the case unusual or uncertain to them. For example,
surfacing possible data incompleteness issues resonated with workers’ notions of
uncertainty accumulated during information-gathering. As we observed in the Sim-
ilar past case outcomes concept, workers also questioned the assumption that fam-
ilies’ structured referral histories can be compared in valid ways, and maintained
that their role was to assess the unique situation of each family. Compounding this
finding with observations of workers compensating for algorithmic errors and dis-
parities [61, 96], it may seem that the ADS’s role is superfluous in these experts’
decision-making process. However, our design concepts offer potential avenues for
ADS to provide alternate forms of usefulness, either in its current predictive framing
or in one that emphasizes the aspects of information-gathering and collaboration.

2.21.3 Limitations

Our findings reflect the perspectives of workers at a single site, who all utilize the
same ADS. However, we note that many aspects of workers’ relationship to this ADS
may be similar to other AI-augmented social work contexts, particularly given the
AFST is often held as a model for how ADS in social work can be implemented. Nev-
ertheless, this group of participants may have notable differences simply because the
AFST has been in use for so long. For instance, workers in this context may not have
received as much recent training as workers in similar settings due to the algorithm
being well-established. It is possible that our design concepts elicited less radical
proposals overall, given that workers were quite experienced with the tool as it ex-
ists now. On the other hand, it could also be the case that these workers provided
more critical feedback and design ideas, given their extensive experience (and daily
frustrations) in interacting with the tool.

Additionally, we did not implement interactive prototypes of these design con-
cepts, or evaluate improvements to participants’ decision-making if they were to
use them. Given workers’ concerns about evaluation metrics and the technical chal-
lenges of many of our concepts, a quantitative evaluation of decision-making would
have limited our ability to test a broad range of concepts. However, a future eval-
uation of some of our designs at higher fidelity would be crucial to distinguish
decision-makers’ stated perspectives from their actual uses of ADS.
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2.22 Conclusion

By eliciting decision-maker reflections on several design concepts, each reflecting
possible ways to augment or redesign an existing ADS, this work provides a new
lens into how workers wish to engage with AI in a high-stakes social context. Our
findings suggest potential ways that ADS interfaces can better support workers’
needs to identify relevant decision factors, manage multiple sources of uncertainty,
and collaboratively build justifications for decisions. Overall, our findings demon-
strate the continued importance of frontline workers’ insights in guiding decision
about the kinds of roles new technical systems should or should not take on in com-
plex social decision-making contexts.
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Chapter 3

Organization-AI Interaction

This chapter is taken from the following paper:

Anna Kawakami, Amanda Coston, Hoda Heidari, Kenneth Holstein, and Haiyi
Zhu. “Studying Up Public Sector AI: How Networks of Power Relations Shape
Agency Decisions Around AI Design & Use.” In Proceedings of the ACM on Human-
Computer Interaction 8, no. CSCW2 (2024).

Abstract. As public sector agencies rapidly introduce new AI tools in high-stakes do-
mains like social services, it becomes critical to understand how decisions to adopt
these tools are made in practice. We borrow from the anthropological practice to
“study up” those in positions of power, and reorient our study of public sector AI
around those who have the power and responsibility to make decisions about the
role that AI tools will play in their agency. Through semi-structured interviews and
design activities with 16 agency decision-makers, we examine how decisions about
AI design and adoption are influenced by their interactions with and assumptions about
other actors within these agencies (e.g., frontline workers and agency leaders), as
well as those above (legal systems and contracted companies), and below (impacted
communities). By centering these networks of power relations, our findings shed
light on how infrastructural, legal, and social factors create barriers and disincen-
tives to the involvement of a broader range of stakeholders in decisions about AI
design and adoption. Agency decision-makers desired more practical support for
stakeholder involvement around public sector AI to help overcome the knowledge
and power differentials they perceived between them and other stakeholders (e.g.,
frontline workers and impacted community members). Building on these findings,
we discuss implications for future research and policy around actualizing participa-
tory AI approaches in public sector contexts.
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3.1 Introduction

Public sector agencies across the United States are rapidly deploying AI-based tools
to assist or automate complex, high-stakes decisions traditionally made by frontline
workers in areas such as social services, public health, criminal justice, and educa-
tion [23, 261, 439, 467]. Agencies have been motivated to explore the use of these new
AI tools to help overcome resource constraints and limitations in human decision-
making (e.g., biases in worker decisions) [19, 73, 417]. However, the use of AI tools
in these domains have been met with significant contention. A growing body of
research and public media discusses issues of bias [73, 311], lack of transparency
[43, 361, 475], and lack of validity [80] of public sector AI deployments, amongst
other concerns. To address these concerns, the human-computer interaction (HCI)
and machine learning (ML) communities are increasingly exploring approaches to
improve the design and use of public sector AI tools. For example, prior work on AI-
based decision support tools has studied racial disparities in algorithmic predictions
and ways to mitigate them [41, 62, 173, 311], interface-level interventions for front-
line workers using these tools [178, 182, 214, 222, 459], and community members’
concerns and desires around them [43]. This work has substantially advanced our
understanding of the social impacts of public sector AI systems, and opportunities
for improving how they are designed and used.

The challenges outlined by prior work point to a crucial, yet under-examined
question: How do public sector agencies make decisions about whether to create
or adopt a new AI tool in the first place? While prior theoretical work has estab-
lished the consequential nature of decisions and assumptions made in early stages
of model design (e.g., in problem formulation [319, 443]), we still lack an empirical
understanding of how these decisions are made in practice. Addressing this question
requires us to turn our attention to actors with significant power to shape AI design,
adoption, and use. In doing so, we borrow from anthropologist Laura Nader’s 1972
call to “study up” – reorienting anthropological fields of study around those who
have power and responsibility to shape social systems and norms [302]. In the study
of AI systems, recent work has urged academic researchers to reorient the studies
of algorithmic fairness [22] and machine learning datasets [288] around issues of
power, demonstrating the value of studying up technology as a means to uncover
broader social and infrastructural challenges impeding the responsible development
and use of AI systems. More broadly, literature in the Science and Technology Stud-
ies have contributed a range of concepts and frameworks to understand relation-
ships between power and technology (e.g., in [86, 234]). We extend these prior lines
of work, by grounding an empirical understanding of how power structures impact
on-the-ground decisions around public sector AI.

In this paper, we study up public sector AI via the perspectives and experiences
of agency decision-makers: those typically occupying upper levels of a public sector
agency’s organizational hierarchy, holding the power and responsibility to progress,
halt, or otherwise shape whether and how AI tools are designed and used. We fo-
cus on public sector AI in social services, where “social services” refers to a broad
range of government services intended to benefit the community, such as housing,
education, child welfare, and healthcare. In HCI and CSCW research, much of our
knowledge around public sector AI comes from the perspectives and experiences of
those directly impacted by higher-up decisions (e.g., frontline workers [221, 360] and
community members [43, 395]). To better understand the role of agency decision-
makers, we ask the following research questions:
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• What factors are agency decision-makers’ shape decisions to move forward
with a proposed AI project?

• What opportunities exist to improve such decision-making?

To address these questions, we conduct semi-structured interviews and design ac-
tivities with 16 agency decision-makers across three public sector agencies in the
United States. Our analysis surfaced how power relations with and assumptions about
other actors—situated within, above, and below the agency—shaped their decisions
around AI design, adoption, and use. In particular, we contribute insights into:

• Dynamics and sources of disagreement around AI within public sector agen-
cies: When discussing public sector agencies’ decision-making around AI adop-
tion and use, prior academic and grey literature has often treated agencies
as monolithic entities. Our findings surface how existing depictions of agen-
cies overlook the intra-agency contention that exists amongst workers around
these decisions. Participants described how agency workers–including those
with relatively higher institutional power (e.g., agency leaders, scientists) and
frontline workers–held dissenting perspectives on the validity and value of
AI tools. While these workers with higher institutional power advocated for
increased community engagement in their agency and more reflexive delibera-
tion on technical design decisions, their perspectives were sometimes ignored
or questioned by their colleagues, the majority of whom were perceived to be
interested in advancing their agency’s use of AI tools. Agency leaders and
developers promoting the value of new AI tools described efforts to mitigate
frontline workers’ concerns towards AI, which they believed to be especially
pervasive and persistent, by “convincing” frontline workers of the value of AI
tools. Talking with frontline workers who were involved in piloting and pro-
viding feedback on new AI tools, we observed disconnects between the rea-
sons underlying frontline workers’ concerns and the reasons often attributed
to them by agency leaders and developers. (Section 3.4.1)

• How pressures from external institutions shape decisions around AI design,
adoption, and use: Our findings suggest that agency leaders and creators of
public sector AI tools experience constant pressures from other powerful insti-
tutions (e.g., legal systems and state courts, private companies), that shape de-
cisions around AI design, adoption, and use. Whereas prior empirical research
has tended to examine the organization as a unit of analysis (e.g., to study or-
ganizational governance, worker interaction, or model design), our findings
help contextualize how agencies’ interactions with external institutions of high
power may impact those organizational practices and decisions. For example,
participants felt frustrated with their inability to interrogate ethical consider-
ations when adopting AI tools from private companies. They felt constrained
by unfavorable working relationships predefined by procurement contracts,
which disincentivized private entities from being transparent in their model
development and evaluation process. Other participants shared concerns that
their AI tools, while intended to be used by frontline workers, could be mis-
used as evidence for or against the agency in legal court cases. Participants
described that these legal pressures were further exacerbated by constrained
communication channels, including the lack of interactions with legal experts
when creating or adopting AI tools. (Section 3.4.2)
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• Barriers and disincentives to hearing and empowering impacted communi-
ties: While academic research has proposed a multitude of approaches (e.g., [327,
385]) to expand stakeholder involvement in AI design and development, most
participants perceived infrastructural and communication barriers between
them and impacted community members external to their agency; these barri-
ers created additional disincentives for connecting with or involving impacted
communities in their AI design process. Participants–who were experts in
leading agencies or developing technology but had minimal to no experience
in community outreach–felt they were ill-equipped to make decisions about
how to involve the community: which groups to reach out to, how to develop
sustainable relationships with them, and how to mitigate power imbalances
when involving them. As a result, participants often described that interac-
tions with the communities they serve were either very limited, heavily con-
strained, or non-existent. (Section 3.4.3)

By studying up the network of power relations public sector agencies operate within,
we advance an empirical understanding of current challenges to actualizing AI de-
velopment improvements in practice, even when argued as best practices in the re-
search literature. While agency decision-makers hold direct responsibility for mak-
ing the decisions that legitimize existing practices, our findings surface a range of
legal, infrastructural, and social barriers to responsible design that agencies are cur-
rently ill-equipped to address alone. Developing the systemic conditions and practi-
cal resources needed to shift towards an improved practice requires urgent attention
from the research and policy communities. In Section 3.5, we discuss opportunities
to make this shift through interventions that streamline the adoption and implemen-
tation of participatory AI approaches, specifically in public sector contexts. Towards
this goal, we discuss how research and policy interventions can reshape–as well as
leverage–the network of power relations that public sector agencies reside within.

3.2 Background and Related Work

3.2.1 AI in Public Sector Social Services

As public sector agencies aim to mitigate resource constraints and improve the decision-
making quality of their staff, several have turned to exploring the use of new AI
tools. In social services alone, AI tools have been rapidly deployed to assist de-
cisions around child maltreatment screening [73], homeless services [247], educa-
tion [180, 346], and predictive policing [375]. However, the deployment of AI tools
in social services, and especially predictive AI tools, has also introduced a myriad of
ethical and social concerns. For example, researchers have raised questions around
systemic biases embedded in AI tools [62, 119], the validity of the models used [80,
336], and the (lack of) support for frontline workers using them [221].

Towards mitigating the potential social harms of AI tools introduced to the pub-
lic sector, prior work has proposed various approaches to improve technical design
decisions. Acknowledging the value-based tensions across the many stakeholders of
AI tools [182], many of these approaches aim to incorporate stakeholder-specific val-
ues and knowledge into the design of algorithms, for example, through expanding
participation along the AI design process. Prior work has proposed a myriad of par-
ticipatory approaches [97] (e.g., value-sensitive algorithm design [474], deliberation-
based participatory algorithm design [469]) to solicit and operationalize stakehold-
ers’ desires and values into the design of algorithmic systems. Such work has often
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also surfaced the challenges of actually incorporating multiple, conflicting values
into an algorithm. For example, Møller et. al. [182] discusses deviations in what
notions of value that developers and caseworkers believed should be considered in
metrics for algorithmic decision-making systems.

A growing body of literature has shed light on how AI tools are actually in-
tegrated into social service agencies (e.g., [221, 360]), implicating how design ap-
proaches and interventions proposed in the academic literature may, in the future,
actually fit into real-world contexts [219]. This work has begun to surface additional
challenges arising from sources beyond the model–for example, from organizational
pressures and incentives, or power imbalances across stakeholders [221]. These find-
ings raise questions around how organizational and social factors may shape prac-
tices and norms surrounding the design and deployment of public sector AI. This
work has largely relied on the insights of AI developers who build and frontline
workers who use AI tools, leaving open the question how those holding positions of
higher power and responsibility, like directors and managers in public sector agen-
cies, influence these decisions. Our work aims to illuminate the perspectives and
experiences of those holding positions of higher power who ultimately drive deci-
sions around the design and deployment of AI.

3.2.2 Studying Up Algorithmic Systems

Towards better understanding the broader systems of power and privilege shaping
the impacts of algorithmic systems, a growing chorus of researchers have called for
a reorientation of the study of AI around issues of power [22, 127, 288, 369]. Prior
work has examined the downstream consequences of decisions made by those who
develop and govern AI technologies, to examine tensions between impacted stake-
holders and institutions of power (e.g., [107]).

Drawing on anthropological practices to study those in higher positions of power,
researchers have increasingly recognized that looking downwards only provides a
partial understanding of the broader social and structural mechanisms that shape AI
systems. Recent work has called for more researchers to shift their gaze upwards, to
study the practices of more powerful stakeholders. These calls have reflected on the
relevance of Laura Nader’s 1972 proposal to “study up” [302], urging anthropologists
to reorient their studies to examine how the practices of powerful institutions and
authority shape everyday experiences and norms. In recent years, Barabas et. al. [22]
discussed the need for a similar reorientation around power in the study of data sci-
ence, explaining: “The political and social impacts of algorithmic systems cannot be
fully understood unless they are conceptualized within larger institutional contexts
and systems of oppression and control.” Miceli et. al. [288] further extend these calls
to re-examine machine learning data issues typically labeled as problems of “bias,”
demonstrating how viewing them as problems of power surfaces often overlooked
factors around social contexts (e.g., labor conditions, epistemological stances) un-
derlying data problems.

To holistically understand the social mechanisms shaping how AI systems could
bring downstream harm to vulnerable communities, we extend this line of work,
revisiting questions around the design and deployment of AI systems in the pub-
lic sector. We shift our gaze upwards to focus on the decisions and assumptions
made by stakeholders with relatively high amounts of decision-making power in
public sector agencies, and the broader social systems and infrastructures surround-
ing them that shape their decisions around AI.
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3.3 Methods

To “study up” the perspectives of those in positions of power to shape the design and
deployment of public sector AI, we conducted semi-structured interviews and de-
sign activities with 16 participants across three public sector agencies. We recruited
agency stakeholders who have experience making or shaping decisions around the
design and deployment of public sector AI technologies. In the following, we de-
scribe our recruitment process, study procedure, and analysis method.

3.3.1 Public Sector Agencies and Participants

To understand perceptions, practices, and challenges shaping the design and de-
ployment of public sector AI across contexts, we aimed to recruit participants from
a range of public sector agencies across the United States. Our team searched for
U.S.-based state, city, or county-level public sector agencies with human service de-
partments (e.g., child welfare, predictive policing) that have previously or are cur-
rently considering the use of AI tools, had previously deployed then stopped using
AI tools, and/or are currently using AI tools. We found 19 agencies fitting these cri-
teria based on information available on public agency websites or news articles. At
each of these agencies, we found contacts in leadership positions (e.g., directors of
departments), and emailed them stating our research goals and interest in starting a
conversation. Out of the 19 agencies, contacts from four of the agencies responded
and agreed to having an initial conversation. Out of those four agencies, three agen-
cies agreed to participate in our study.

From these three agencies, we aimed to recruit participants in occupations that
are typically tasked with making or informing decisions around the use or design of
AI tools. On aggregate, we interviewed directors of human service departments, di-
rectors and managers of teams responsible for developing AI tools, and researchers
and analysts who are involved in building or analyzing AI tools. In one agency, our
contact connected us to frontline staff who played a role in piloting AI tools or had
otherwise also discussed the use of AI tools with developers and leaders in their
agency. In our communication to each agency, we requested study participation
from the same set of occupations. The actual occupations and numbers of partici-
pants involved in our study were determined by who our contacts at the agencies
connected us to.

We refer to participant occupations using four stakeholder groups: 1) Agency
Leaders (L): Individuals in director or managerial roles who typically are involved
in making agency- or department-level decisions, 2) Research and Development Work-
ers (RD): Individuals in research, development, and/or analysis teams internal to a
given public sector agency who are involved in the creation or evaluation of AI tools
used by the agency, 3) Frontline Leaders (FL): Individuals who work in leadership
roles within human service departments in a public sector agency and who typi-
cally are in closer communication with frontline workers than Agency leaders, and
4) Frontline Workers (FW): Individuals at a public sector agency whose occupations
bring them in direct contact with the community their agency serves. Our study in-
cludes six Agency Leaders, six Research and Development Workers, two Frontline
Leaders, and two Frontline Workers.
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3.3.2 Semi-Structured Interviews and Design Activity

We conducted 90 minute study sessions with each session including a semi-structured
interview and design activity. The semi-structured interview included three sec-
tions. First, we asked participants about their background, for example, questions
related to their current role in the public sector agency. Next, we asked participants
about their current and past practices for making decisions around whether to de-
sign, deploy, or adopt a given AI tool in their public sector agency. This involved
asking questions about what considerations aided these decisions (e.g., goals for
introducing algorithm, empirical evaluations conducted). In the next section, we
probed more deeply on challenges they faced in past experiences designing, deploy-
ing, or adopting AI tools.

To complement our semi-structured interview, we also conducted a design ac-
tivity. Through the design activity, we invited participants to ideate future consid-
erations that they believed should aid decisions around the design, deployment,
or adoption of public sector AI tools. We asked follow-up questions to better un-
derstand participants’ past experiences and challenges that shaped their ideas. By
prompting participants to ideate considerations for a hypothetical future state, we
opened opportunities for participants to also reflect on and identify a broader set
of challenges they currently face that otherwise may not have surfaced during the
semi-structured interview. For example, participants who described a future need to
expand community participation in the AI design process also reflected on current
barriers their agency faces to supporting external participation in their design pro-
cess. In this case, because community participation does not currently exist at the
participants’ agency, participants seldom brought up these barriers during the semi-
structured interview, which was more focused on understanding current practices
and challenges. To support the design activity, we shared our screen and shared a
link to an online board on Figma, a collaborative web application that accommo-
dates multiple users. As participants ideated future considerations they believed
should aid the hypothetical design and deployment of AI technologies, we used on-
line post-its to help document and organize their ideas.

All participants completed the design activity. Participants who were not in-
volved in decisions around whether to design and deploy AI tools (i.e., frontline
managers and frontline workers) moved onto the design activity after completing
the first portion of the semi-structured interview (on participant background). Par-
ticipants who participated in all three sections of the semi-structured interview com-
pleted the design activity immediately afterwards. All 16 participants consented to
having their audio recorded, shared screen recorded, and having notes from the
design activity recorded and saved. We requested individual study participation
from participants. Some participants preferred to participate in the research study
in pairs because they felt that the pair would provide a more extensive set of insights
together, or because they wanted to provide the other participant an opportunity to
experience an externally conducted research study. Thus, we conducted the semi-
structured and design interviews either individually or with pairs of participants.

3.3.3 Analysis

The 16 hours of interview recordings were transcribed then qualitatively coded us-
ing reflexive thematic analysis [39] by two researchers. We ensured that all inter-
views were coded by the first author who conducted all the interviews, and, when-
ever applicable, another author who observed the interview. The first author coded
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one transcript first, then discussed the codes with others to align on coding granu-
larity. Each coder prioritized coding observations related to the research questions
while also remaining open to capturing a broader range of potential findings. We
resolved disagreements between coders through discussion.

After coding the transcripts, we conducted a bottom-up affinity diagramming
process [29]. Through multiple rounds of refining and grouping, we iteratively
grouped 506 unique codes into three levels of themes. The first level grouped the
506 codes into 52 themes; the next level grouped these 52 themes into 17 second-
level themes; and the last level grouped these 17 themes into the three highest
level themes. We organized the Findings (Section 7.13) by these three highest level
themes.

3.3.4 Ethics and Participant Safety

We assured all participants that their participation is voluntary, all study questions
were optional, their responses will remain anonymous, and they may ask us to re-
move content at any time after the study. To mitigate the risk that participants are
identified within their agency and that agencies are identified, we do not specify
participant roles beyond the participant groupings we define in Section 3.3.1. To
mitigate the risk that public sector agencies are identified, we do not differentiate
the agencies that participants are employed at and limit the amount of details we
provide about each agency. This study was approved by the Institutional Review
Board of the authors’ home institutions.

3.3.5 Positionality

Our research team collectively holds expertise across human-computer interaction,
computer-supported cooperative work, critical computing, public policy, machine
learning, and statistics. As researchers studying public sector settings, we are con-
scious of our position of privilege in having research access to public sector agencies
and leaders, who have opened their doors to us as external researchers. We ac-
knowledge that our positionality and direct interactions with these agencies, along
with our prior work examining the downstream impacts of public sector AI systems
on social workers [62, 221, 222] and community members [395], have collectively
shaped our perspectives which guide our approach to this research.

3.4 Findings

As public sector agencies continue to develop and drop AI tools deployed in high-
stakes decision-making domains, research and popular media has increasingly scru-
tinized their decisions [138, 355, 443]. Agencies have typically been depicted as
monolithic entities making authoritative and self-assured decisions around AI. How-
ever, our findings complicate this depiction.

We unveil how agency decisions around AI design and use are shaped by agency-
internal contention regarding the value and validity of AI, constant pressures from
other institutions of power, and concerns around their ability to mitigate power and
knowledge differentials between them and impacted communities. To contextualize
agency decisions within the broader web of infrastructural and social systems they
reside in, we organize our findings to center the power relations that public sec-
tor agencies hold with other sectors and stakeholders situated within (Section 3.4.1),
above (Section 3.4.2), and below (Section 3.4.3) the agency.
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3.4.1 Power Relations within the Agency: Misconstrued Concerns and
Tensions around AI amongst Workers

Agency decision-makers’ experiences surfaced contrasting viewpoints around the
value and validity of AI among different groups of workers, including within front-
line workers, within Research and Development (R&D) workers, and even within
agency directors. Agency decision-makers who were proponents of increasing their
agency’s use of AI tools (who were the majority of the participants) felt concerned
about their peers’ potential misunderstandings on the role that AI would play in
their agency, especially when these concerns led to the suspension of certain AI tools
(Section 3.4.1). They were especially wary of frontline workers’ seemingly pervasive
and persistent concerns towards AI. As a result, agency decision-makers described a
range of efforts to promote an organizational culture of understanding of AI, believ-
ing that disclosing how its agency would and would not use AI could help mitigate
concerns. However, talking with frontline workers who were involved in sharing
feedback on piloted AI tools, we observed critical gaps between frontline workers’
underlying concerns and the reasons for concern that agency leaders and developers
attributed (Section 3.4.1). Moreover, while agency decision-makers described that
they involved frontline workers in decisions around AI design and use, frontline
workers expressed that their existing pathways to inform decisions were too con-
strained; they desired opportunities to inform key decisions at earlier design stages
(Section 3.4.1).

The value of AI tools is a point of contention among workers in agencies.

While public sector agencies are often portrayed in the media as collective forces
pushing forth the deployment of new AI tools [355], our findings suggest this depic-
tion overlooks critical internal tensions and disagreements between agency stake-
holders – including those with the power and responsibility to shape the design of
these tools.

Recalling past experiences where an individual’s opposition towards AI tools led
to deployment halts, several Agency Leaders and R&D Workers described that one
of their biggest challenges to moving forward with the use of AI-based tools was
receiving “buy-in” from other leaders in their agency. This was particularly impor-
tant to progressing innovations on AI in the agency, because, historically, different
leaders across time and within the same agency held divergent stances around the
value and validity of AI tools. Because of the positions of power that these leaders
held, their stances towards AI had dramatically impacted decisions around whether
to deploy AI tools within their agency. For example, during the interview, one par-
ticipant recalled an experience where their agency had developed a new AI tool
that outputs risk scores, intended to assist frontline workers’ screening decisions
around potential child maltreatment cases. The participant, who managed a team
of AI developers in their agency, described that this tool was never deployed due to
opposition from an agency director:

“[The director] wondered what the algorithm would do if it were de-
ployed at that point for [their family, when they were called into child
services] and [their] assumption was that would not help [them] out, be-
cause [the director is] a minority, a teen [parent]. [In] reality, the algo-
rithm probably would have really benefited her, because that would be
considered an extremely low risk case.” (L04)
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Many other leaders, like this participant, believed that opposition questioning the
fundamental value of predictive AI tools was not well-founded. The overall senti-
ment that there are concerns to applying AI tools to certain contexts which are under-
acknowledged by most agency decision-makers resonated especially with one R&D
Worker:

“I am much more conservative about the use of algorithms, especially
with communities that tend to get the short end of the stick in terms of
power and decision making [...] I think there’s lots that can be done, but
I’m not sure that decision making in these contexts is how I would have
used algorithms. But that’s just me.” (RD02)

The participant had observed several instances of their colleagues developing AI
tools, and through the years, had raised concerns around who the AI tool was de-
signed to benefit. For example, during the design activity, the participant shared
concerns around how the agency prioritized creating AI tools that helped achieve
their own objectives (e.g., federal outcomes) rather than objectives that would bene-
fit community members:

“I am here to tell you [when] these conversations have happened in agen-
cies, the outcomes tend to be the things the agencies are interested in, not
the things that the people that are being served by the agency are inter-
ested in. And so I think that’s a real concern. People are tired of me
saying, ‘This seems to be all about us–what works for us.”’ (RD02)

While uncommon across Agency Leaders and R&D Workers, participants de-
scribed that the above concerns were widely shared across frontline workers. In
the next section, we discuss how participants interpreted and responded to internal
concerns around the design and use of AI tools, which often came from frontline
workers.

There are disconnects between frontline workers’ AI-related concerns and their
concerns as construed by agency workers with higher institutional power.

Agency decision-makers believed that agency-internal contention around their use
of AI were especially pervasive amongst frontline workers. In this section, we de-
scribe how agency decision-makers’ interpretations of frontline workers’ concerns
shaped their goals for communicating with frontline workers on topics related to
AI. Importantly, throughout our interviews, we observed discrepancies between the
underlying causes for concern frontline workers voiced and the perceived causes
attributed by agency leaders and developers.

Agency Leaders, R&D Workers, and Frontline Leaders often described efforts
to “convince” frontline workers in their agency of the value AI-based approaches
could bring, to help mitigate their concerns about AI-based tools. However, they
often described that their efforts to inform and align frontline workers’ perspectives
towards AI tools seemed futile, given the persistence of frontline worker concerns.
For example, one Agency Leader who leads their department’s efforts on developing
new AI tools explained:

“It’s not priority [for frontline workers] to be using or [seeing] value in
data-driven approaches like predictive analytics [...] It is a challenge [to]
convince other teams that okay, by [...] using this approach you actually
stand to gain [...] xyz aspects of things, you know. If your folks, if your
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staff gets read up sooner or your resources get [...] more efficiently used,
then it is a win-win situation. There are challenges in trying to convince
non-data people that there is merit to using a data driven approach.”
(L03)

Reflecting on their past experiences talking with frontline workers, another R&D
Worker with experience leading the development of new AI tools for their agency
described: “It seems that no matter how much we voice that, that concern is present.
[It’s] hard [to] have people really grasp that the tool’s meant to help inform their
decision [...] rather than replace them as the decision maker” (RD04).

Beyond talking with frontline workers about the potential benefits of AI tools,
some participants also believed that their AI evaluation approaches can help pro-
mote a more accurate understanding of AI across their agency. In particular, by
applying model accuracy and fairness measures on human decisions, one partici-
pant hoped it would help reduce frontline workers’ distrust towards AI tools by
conveying similarities between human and AI decision-making. The participant,
who worked in their agency’s AI development team, described:

“I think that one of the goals, at least in my mind, is to kind of change,
the perception of what an algorithm is in like a lot of the kind of non-
technical portion of the agency [...] they’re very on board with the idea
of algorithms and fairness, without realizing that the way that they’re
making decisions is kind of [...] an algorithm in and of itself.” (RD05)

Importantly, by talking with frontline workers who had experience piloting new
AI tools, we learned that frontline workers were concerned about a broader set of
challenges that come from AI use in social services, than what agency decision-
makers we talked with had acknowledged. Agency leaders and R&D workers often
described the lack of technical literacy amongst frontline workers, often referring to
them as “non-technical” portions of the agency, impeded their ability to seeing the
value in AI tools. For example, during their interview, one R&D worker described:

“The perception of what an algorithm is in a lot of the kind of non-
technical portion of the agency [...] because a lot of people who don’t
necessarily know the ins and outs of how machine learning works kind
of [learn] through [...] popular media and stuff [...] There’s almost like a
mystique around machine learning algorithms, like there’s some amaz-
ing thing that is all knowing and all seeing, and therefore can predict all
these different things.” (RD04)

Agency decision-makers also often believed that misconceptions on how their
agency would use AI, rather than potential problems with the design of an AI tool,
could explain why frontline workers were concerned. For instance, the R&D Worker
continued to describe frontline workers’ fear towards AI as a problem of not under-
standing how AI will be used:

“In general one of the things we do meet often [from frontline workers]
[...] is the general distrust of algorithms and fear that it’s going to replace
people’s jobs versus help them inform the decisions rather than take over
the decision for them. [...] it seems that no matter how much we voice
that, that concern is present.” (RD04)
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However, frontline workers we talked with emphasized concerns they had about
how well agency decision-makers in their organization understood the impacts of
AI tools in their work processes. They desired broader acknowledgement of the
downstream consequences that deploying and maintaining an AI tool can have on
frontline workers’ responsibilities and labor. For example, during the design activ-
ity, one frontline worker who was involved in piloting their agency’s new AI tool
expressed frustration with claims they heard that the AI tool only requires workers
to “push a button”:

“This tool is only going to be as good as the data. [...] How is that [go-
ing to] work? [It requires] someone that can actually monitor ensuring
that the data that’s being entered in is done consistently [...] What’s that
saying? Death by a 1,000 cuts like, you know, like folks are like. ‘Oh, it
doesn’t hurt that hard. It’s not hard to push that button, or you know.
Do this, or do you know, like what’s so hard about it.’ Well, folks that
give that kind of feedback don’t understand to kind of work that we do.”
(F02)

They described that, because each agency has different priorities for what data to in-
put into their system, some model features may not be consistently documented in
specific agencies. For state-level AI tools, frontline workers are responsible for care-
fully collecting and inputting data for the model. In one case, an R&D Worker from
another agency recalled a researcher flagging the added labor for frontline workers
that would come with deploying their new AI tool. While there were suggestions
to roll out the AI tool alongside other technical updates to help alleviate frontline
workers’ workload, there were infrastructural barriers to doing so. In particular,
the proposed solution-developing a system that automatically populates data fields
with needed information about a given case–could not actually be implemented by
the development team, because they did not have maintenance control over the data
inputting system. In the next section, we elaborate on how frontline workers also ex-
pressed a desire to inform key decisions on the design and use of AI tools that would
directly impact their work.

Frontline workers desire more collaborative and early-stage participation on AI
design

Participants across agencies described various touch points with frontline leaders
and workers. In interviews with a couple of agencies, agency decision-makers de-
scribed that Frontline Leaders were asked to check whether the most heavily weighted
variables in a predictive model “makes sense” to assess its face validity. Agency
decision-makers also described involving some Frontline Workers (those who are
asked to use the AI tools they develop) in later stages of their development process,
in particular, to pilot their tool. When we talked with the frontline workers who were
involved in the piloting process, however, we learned there were challenges to hav-
ing frontline workers share feedback on the AI tool. Aligning with the overall sen-
timent that there are major communication disjunctions between the frontline and
higher ups who have more decision-making power over AI, one frontline worker
shared that their peers were going through the motions of running the AI tool, but
not actually critically interpreting or evaluating it. The worker hypothesized several
reasons for this ranging from potential fear of insulting the AI developers, to not
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having enough time to notice and critically evaluate the model, to confusion around
what feedback the AI developers were asking for.

Frontline Leaders and Frontline Workers we talked with desired opportunities
to more proactively engage with developers on discussions surrounding the de-
sign, evaluation, and use of AI tools. During the design activity, participants de-
scribed that in current development processes, they did not have an opportunity to
inform consequential decisions around the design of the model, such as what target
the model should be trained to predict, as well as organizational polices governing
model use, such as whether workers can exercise discretion in the use of the model.
While frontline leadership were more likely to be consulted in middle (rather than
later) stages of the AI development process, one Frontline Worker described that
those in leadership positions may forget what the day-to-day work looks like on-the-
ground (e.g., constantly “putting out fires”), thus limiting their ability to anticipate
downstream consequences from deploying models.

3.4.2 Power Relations with those Above: Constant Pressures and (Lack
of) Support from External Institutions

Agency leaders and developers frequently described how powerful entities out-
side of the agency—e.g., federal government, state courts, and contracted private
companies—shape their decisions around AI tools. Whereas prior empirical re-
search has largely focused on how agency decisions and policies have downstream
impacts on communities and frontline workers, our findings surface how legal and
infrastructural barriers stemming from other institutions of power impact these deci-
sions. For example, participants expressed frustration on their ability to interrogate
ethical considerations on AI adoption decisions–a practice that had been largely ig-
nored by contracting companies who hold a dominant negotiation position and are
not incentivized to address the agency’s concerns.

Agency decision-makers that procure AI technologies felt their relations with pri-
vate companies fundamentally constrained their power on ensuring responsible
AI design.

Participants working in a city-level government agency that procured AI-based tools
from private companies described a range of tensions around their interactions with
these companies. In these settings, participants expressed frustration that private
companies that develop their procured technologies often have minimal incentive
to follow responsible and collaborative AI development processes.

Participants whose agency procured AI technologies from private companies de-
scribed that they perceived power imbalances in their relationships with private
companies. Participants described their relationships with private companies were
often heavily shaped by the agreements listed in their procurement contracts with
the company. Procurement contracts help define the conditions of the relationship
between the city government department and a given private company that has
agreed to develop a new technology. Participants described it can be difficult to
anticipate what to include in the procurement contract before the AI tool is actually
developed, leading to situations in which they have limited leverage in requesting
certain model information and performance requirements.

For example, one participant leading efforts to technologically modernize the
region their agency serves described an experience learning about the importance
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of carefully wording procurement contracts, after being denied of important infor-
mation from the private company. In particular, the participant shared an anecdote
about how someone in the department noticed an AI-based risk assessment tool that
evaluates road conditions was disproportionately flagging roads located in affluent
neighborhoods. The department requested more information on this concern from
the private company, but was denied any details:

“One of our city Council members very quickly realized that the scores
were prioritizing investments in areas that already are known to be some
of our wealthiest neighborhoods. [...] Once we went back to the vendor
to request [an explanation], the vendor said: ‘We cannot share that infor-
mation with you because it’s proprietary.”’(L05)

Agency stakeholders believed that their ability to use stringent procurement con-
tracts was very restricted in practice. In particular, they expressed concerns that if
the language in a procurement contract is too strong, private companies could sim-
ply decide not to sign the contract and instead go to another customer where the
procurement contract is more favorable to them. The participant expressed their
frustration around the lack of effective incentives for private companies, describing:

“[T]here are fundamentally no incentives, rules, or regulations to incen-
tivize the private sector to unlock or show how those systems work. [...]
I have had companies tell me directly, point blank that it is not profitable
to be ethical. And because of that, they really don’t have anyone holding
them to the fire to actually change their business practices [...] to reduce
bias or achieve some of these goals around equity.” (L05)

Participants at this agency also described new challenges surfacing from tech-
nologies that were procured from private companies before AI-based technologies
were widespread. Because older procured technologies followed the SaaS (Software
as a Service [426]) model, the participants described that private companies often
integrate AI-empowered features in their software updates without informing the
technology users or city government. Without an awareness of which government
technologies now use AI-powered features, participants described that workers may
not be well-prepared to identify and account for possible technical failures from
these updates. Therefore, one participant described that one of their projects in-
cludes documenting where AI is used across their departments.

Participants also described an overall fear of over-relying on procured technolo-
gies from the private sector in the longer-term, given that this may lead to allowing
private companies to have irreplaceable power over city departments. They de-
scribed that it risks allowing the vendor to have “a lock with the city,” making the
agency more susceptible to losing an understanding of the behind-the-scenes mech-
anisms around how their technologies are serving the public community.

While they desired support for crafting more power-balancing procurement con-
tracts, during the design activity, participants also acknowledged that any interven-
tions at the procurement-level could only provide a limited amount of leverage to
the city government (as described above). As a result, participants desired ways
to incentivize private companies to prioritize ethical considerations in the design of
their algorithms. For example, one participant described that having private com-
pany vendors be fully or partially liable to lawsuits resulting from the use of AI
tools could encourage them to prioritize responsible development values. Partici-
pants also desired mechanisms to share experiences and information across public
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sector agencies, like enforcing a certification or ratings system where agencies could
signal the quality of private company vendors they worked with in the past. To
evaluate the effectiveness and impacts of new AI tools in a more collaborative and
iterative approach, one participant also expressed an interest in exploring the use of
digital test beds.

Agency decision-makers desired federal support that is better contextualized to
their actual needs and challenges.

Participants working in a city-level government agency also described that the fed-
eral government provides support by publishing guidelines that inform their ef-
forts towards algorithm design and evaluation. For example, they described that
the NIST AI Risk and Management Framework shaped their pre-deployment eval-
uation priorities for AI tools:

“The Federal Government is behind cities. So cities are really at the front
lines of innovating a lot of these tools, policies, and procedures, and the
Federal Government, you know, often invite cities to consult on how they
should develop national strategies or frameworks for this work [...] gen-
erally they push out information, guides, etc., that cities then adopt [...]
because of that Federal backing of those [NIST cybersecurity] standards,
the private sector has revised their approaches in order to be in alignment
with NIST standards.” (L05)

However, participants also described that federal guidelines often overlooked
real-world resource constraints in their agency and government (e.g., by requiring
creation of new roles). For instance, one participant described:

“I find a lot of AI guidelines are very aspirational and not very realistic
for municipal government, because they don’t address the capacity issue
and because they require in many cases the creation of new types of roles
and positions within the city that don’t exist in many cases. So, for exam-
ple, an algorithmic auditing role: someone whose purpose within local
government is to process and evaluate AI tools for their abilities to meet
certain standards that also don’t exist yet.” (L05)

Participants further imagined that federal guidelines could help align incentives
towards responsible AI development between the city government and private com-
panies. One participant explained that, while city government workers themselves
have limited leverage, standards that are “backed” by the federal government are
more likely to nudge private companies to adjust their development approaches.
However, the participant described that federal responsible AI guidelines alone may
not be enough to improve private sector companies’ practices. They expressed con-
cerns that., without proper “incentives and enforcement,” guidelines could be ig-
nored by private companies: “If you’re setting a guideline for, you know, private
sector companies, how realistic is it given that they’re really, main incentive is the
bottom line, and to remain solvent as a company” (L05). Therefore, the participant
advocated for federal requirements to mitigate the risk of private companies simply
rerouting their services to other (less ethics-prioritizing) customers.
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Agencies grapple with concerns about AI outputs being misused in state courts.

Several participants raised concerns around how risk scores generated from AI tools
could be used outside of their agency, in legal cases at state courts. Participants ex-
pressed concerns that AI risk scores could be misused or misinterpreted by attorneys
in the court. For example, frontline workers imagined that attorneys might use “in-
correct” risk scores to their advantage. One frontline worker, who piloted an AI tool
designed to assist reunification decisions for children placed out of their home, re-
called feeling concerned that an attorney would overlook the workers’ judgements
in favor of the AI tool’s risk score:

“... but we were predicting that attorneys are going to say, look, [the
agency] has this tool [...] that says this family would probably be just fine
if they return these kids home. And meanwhile we’re over there saying
there’s no way this family is ready. They’ve done nothing. They’re using
substances currently or [...] There’s violence in the home.” (F03)

Some leaders and developers also described experiences receiving advice from
attorneys to avoid developing a new AI-based decision-making tool, to mitigate the
potential for producing additional information that might be used against them in a
lawsuit. One participant described that, in existing AI-based decision-making tools,
they attempt to mitigate the risk of score misinterpretation by including a text de-
scription indicating what a risk score does and does not indicate. However, partic-
ipants acknowledged the limited leverage they currently have in preventing legal
misuse of AI-based risk scores.

Some agency decision-makers—but not others—want to ensure their decisions
about AI are better informed by legal considerations.

To both inform the design of AI-based tools and inform legal experts of the pro-
cesses and capabilities of AI-based tools, several participants expressed during the
design activity that they desired earlier discussions about the model with legal ex-
perts. Describing the fundamentally intertwined relationship between child welfare
screening and the legal system, one frontline worker emphasized the importance of
considering legal perspectives early and often: “A child welfare is based on policy,
right? It’s based on laws. There’s no way around it” (F02). Another participant
further elaborated: “Policy, procedure, statute rules [...] all need to be taken into
consideration [...]. You need to be having conversations with your Department of
Justice and attorneys” (RD06).

Participants described that their cognizance of how legal considerations could
shape the use of AI-based tools was based off of prior experiences they had interact-
ing with the legal system due to the design of their AI tools. Participant described
that these interactions often occurred in a reactive, ad-hoc manner, for example,
through lawsuits against the agency: “In our case there was also a lawsuit that was
filed, which changed the way we responded to the different needs of the system”
(L03). This participant imagined that, by working in collaboration with legal ex-
perts who were familiar with existing statutes and laws, they could help bridge new
understanding of how these considerations play out in AI development.

However, not all participants were interested in having collaborative discussions
with attorneys and legal experts. For example, one agency leader believed that at-
torneys were overly “conservative” towards the use of new AI-based tools:
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“Well, I try and stay away from the attorneys for a lot of reasons. They’re
always on the Conservative side, and there’s no consideration for the
benefit to the family. They only consider the risks and not the benefits.”
(L04)

This participant, along with another developer, was concerned that policy and le-
gal considerations compromise the potential usefulness of developed AI tools, ham-
pering innovation in the longer-term. In the next section, we discuss participants’
perceptions of and attitudes towards engaging with other stakeholders to their de-
ployed AI tools–particularly, those situated “below” the agency.

3.4.3 Power Relations with those Below: Barriers to Hearing and Empow-
ering Impacted Communities

Recent research has increasingly called for community participation around the de-
sign of public sector algorithms. As a result, the participatory machine learning and
human-computer interaction communities have proposed a range of methods for
collaborative AI design with diverse stakeholders, including those without technical
expertise (e.g., [247]). However, we know little about whether and how these design
approaches and tools are actually used in practice. Furthermore, developing an un-
derstanding of the real-world factors that shape existing agency-community collabo-
ration around AI development processes is critical to ensuring that the participatory
model and design approaches can actually be transferred and used in practice.

In this section, we shed light onto infrastructural and social barriers that are often
overlooked when designing approaches for community participation around pubic
sector AI development. Overall, we found that individual agency leaders and R&D
workers expressed interest in involving community members (Section 3.4.3) but,
without formal incentives to set up these collaborations, they faced downstream
challenges when attempting to advance community engagement efforts in prac-
tice. These challenges further disincentivized agencies from expanding participation
around their AI development pipeline. For example, participants described a lack
of infrastructural support in identifying and connecting with relevant groups (Sec-
tion 3.4.3). Moreover, some agency leadership and developers were cognizant of
power and knowledge differentials between the agency and community members,
which they believed would challenge R&D workers’ abilities to have collaborative
discussions with community members around AI development (Section 3.4.3).

Agency decision-makers expressed interest and value in involving community
members in decisions about AI design.

Some participants (RD02, RD04, RD07) expressed interest in expanding their agency’s
currently insulated approach to developing AI tools by involving community mem-
bers in their development process. For example, during the design activity, one par-
ticipant (RD02) acknowledged that leaders and developers internal to their agency
likely view, interpret, and make design decisions around the AI tool differently than
those “outside” of their agency, like community members. Another participant ex-
pressed frustration that their agency appeared to develop AI tools that prioritized
the agency’s needs over those of the community, e.g. developing AI tools to meet
federal targets that may not be aligned with community needs.

This participant further elaborated that, if public sector agencies do not begin lis-
tening to community concerns and collaborating with communities around the tools
they build, then they are likely to miss opportunities to address fundamental, root
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problems and risk focusing a disproportionate amount of attention towards fine-
tuning algorithm designs. The participant advocated for the importance of engag-
ing community members, arguing that only by meaningfully engaging with those
“closest to the problem” can agency researchers move past their own privilege and
blindspots. Without engagement with communities to understand their true prob-
lems, researchers “can’t get out of our own way” (RD02).

Agencies are still building out infrastructural support to sustain community part-
nerships around AI

While participants were interested in improving their agency’s practices towards
involving community members in AI development, they felt there was inadequate
infrastructural support to do this in practice.Other agency leaders and developers
anticipated potential power and cost imbalances between the agency and commu-
nity, and desired ways to mitigate potential harms arising from such concerns.

Participants at different organizations had varying levels of structure in their
practices for involving community members in their AI development process. At
the agencies where algorithms were developed in-house, one agency described dur-
ing the interview that they received feedback on ethical considerations around de-
veloped AI tools from an external research committee, which involved parent advo-
cates and people who have lived experience in foster care.

On the other hand, participants from another agency that develops in-house AI
tools described facing several barriers to involving community members. Reflecting
on how they want their development process to improve in the future, during the
design activity, participants expressed interest in receiving feedback on their AI tools
from community members; however, they described that their agency does not cur-
rently have the infrastructural systems in place to support and sustain community
engagement around AI development. To learn how to establish pathways for in-
volving community members, some participants described plans to talk with other
departments in their agency (e.g., an office of equity). Participants (RD06, RD07)
described that the agencies need guidance on identifying community members to
reach out to, ensuring that participation is accessible, determining logistics around
payment and involvement time, and establishing partnerships with mutual trust:
“It’s just a different piece of the puzzle here to get that input” (RD06). The partici-
pant, who manages a team responsible for implementing newly developed AI tools
into specific decision contexts, further elaborated:

“‘It’s building that network of people who want to come in and give
feedback and participate in these [activities]... If we really want gen-
uine input and people to be coming in from external to our agency, we
need to make these things more accessible and more available to them.
They’re not during like eight to five business hours Monday to Friday.
We [should] do groups after five on weekends. Can we pay people for
their involvement? These are conversations that we’re having right now.
So that it’s not some false inclusion and access conversation. It’s like true
participation.” (RD06)

In addition to navigating infrastructural challenges around following appropri-
ate logistical norms (e.g., payment, timing of sessions), participants were addition-
ally concerned about their ability to navigate power and knowledge differentials



Chapter 3. Organization-AI Interaction 115

between them and impacted communities. We elaborate on these concerns in the
next subsection.

Agency decision-makers felt ill-equipped to effectively communicate with im-
pacted communities due to power and knowledge differentials.

Beyond having more infrastructural support and guidance on building sustainable
partnerships with community members, some participants also anticipated commu-
nication challenges with effectively integrating perspectives from those beyond their
usual research and leadership team. For example, during the interview, one partici-
pant elaborated that well-intended developers may struggle to understand commu-
nity concerns due to lack of lived experience, while community members may not
have the technical knowledge needed to inform algorithm design. This participant
recalled they have often seen “perfectly well-intentioned analysts not hearing or un-
derstanding [local community members’] concerns,” even when agencies make an
effort to engage with local communities (RD02). During the design activity, as the
participant emphasized the importance of developing AI tools to meet outcomes
that center community (rather than agency) needs, the participant expressed further
concern that some of their peers may not take feedback from “non-technical” peo-
ple seriously. They described that they have always expressed concerns about the
agency’s siloed approach to designing algorithms but felt that the agency as a whole
did not prioritize addressing these concerns (“[colleagues are] tired of me saying
[this]”). Another participant raised concerns about the feasibility of involving peo-
ple without domain knowledge on AI in ways that bring value to the conversation:

“I’ve seen a lot of the time that people who have no technical back-
ground, they may sit in this meeting right and just not have any idea
of what the conversation is. When bringing everybody together, how
do we communicate that both people with technical backgrounds and
those with no technical background are able to follow the discussion on
the conversation? I think that’s hard. I think it’s almost like the power
differential to and from the technical folks.” (L04)

A couple participants additionally acknowledged the power imbalances that
might hinder effective collaboration between AI developers and community mem-
bers, as they envisioned potential future challenges during the design activity. One
participant anticipated that community members would have to endure higher emo-
tional burdens from participating in AI design compared to public sector agency
workers, as they would be “asking a lot more of the communities we serve to come
and dwell on those spaces than is asking of us” (RD07). They continued to advocate
that government agency employees should take the initiatives to share the power
and spaces, in order to remedy “perceived harms from governments on the people”
(RD07). However, participants (including RD07) described that their agency doesn’t
currently have the cultural norms and guidance needed to support effective power
sharing that would be required in collaborative design processes that go beyond
consultation:

“In government, to really honor [power sharing] and just not be like, you
know, mining people for their opinions, but to really allow community
to kind of drive some of these decisions a little bit, and determine the
shape of predictive models and whatnot that sit on decision points that
are important to their lives. That still feels a little foreign, and we–as in
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the government agency–I don’t know that we have great mechanisms yet
for some of that kind of power sharing.” (RD07)

Overall, while participants acknowledged the need to involve impacted community
members in their AI development process, in many cases, they felt that their agency
was not well-equipped to actualize this need. We discuss implications for addressing
these challenges–including the lack of infrastructural and social support in engaging
stakeholders–in the Discussion section.

3.5 Discussion

The SIGCHI research community has advanced several methods and tools to sup-
port the responsible development of AI tools. One particularly promising form in-
volves expanding participation–from the earliest stages of AI design to after the AI
model is deployed–to broaden whose perspectives inform AI design and use deci-
sions [97, 243, 452]. In examining how agency decision-makers currently make AI-
related decisions, our study strongly suggests that participatory AI methods and
tools provide a particularly promising pathway to improving the responsible de-
velopment of AI tools in public sector contexts. However, the research commu-
nity’s exploration of these methods and tools in real-world organizations, especially
in public sector settings, remains nascent. While hurdles to bringing HCI approaches
from the research community into real-world practice are expected, identifying ways
to streamline this process into public sector contexts remains a relatively under-
explored and–as AI tools continue to proliferate across public sector settings [219,
248, 262, 269]–increasingly time-critical challenge.

In situating public sector agencies’ current practices and challenges in a network
of power relations, we surface a broader set of considerations–including regula-
tory, infrastructural, and cultural factors–that play a crucial role in the real-world
adoption and implementation of participatory AI approaches. Our findings point
to unique implications for how to support participatory AI in public sector contexts,
and more broadly, suggests opportunities for future research to distinguish between
public versus private sector needs and applications around implementing partici-
patory approaches. In the following, we discuss several of these implications (Sec-
tion 3.5.1) along with limitations and reflections on our research (Section 3.5.2).

3.5.1 Power-Conscious Implications for Designing Public Sector AI

Building on our findings, we propose power-conscious recommendations for re-
searchers and policymakers working towards improving the design and use of pub-
lic sector AI tools. By “power-conscious,” we refer to the practice of centering net-
works of power relations—including those that exist within agencies, between agen-
cies and other institutions of power, and between agencies and the communities they
serve—to identify how they could impact agency decisions around AI, and what
concrete avenues for improvement exist. We note that there are both opportunities
for future work to better mitigate the negative effects of power relations, as well as
to leverage existing power relations to support more responsible practices. Towards
realizing these opportunities, we discuss implications for mitigating and leverag-
ing the network of power relations public sector agencies reside in, to support more
participatory AI design, evaluation, and governance approaches. We first discuss
research implications to reshape power relations with those “within” and “below”
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public sector agencies (Section 3.5.1). Next, we discuss policy implications to lever-
age existing power relations from “above” to support this reshaping (Section 3.5.1).

Reshaping Power Relations With Those Within and Below

How can the research community better support public sector agencies in expanding
participation around AI design, evaluation, and governance? Our findings point to
opportunities to help refocus and redirect existing research efforts around public
sector AI. In the following, we discuss research and design implications to support
public sector agencies in reshaping power dynamics in interactions amongst those
within (from agency leaders to frontline workers) and with those below (impacted
communities).

• Make visible the value of participatory approaches to AI design and evalu-
ation to public sector agency leaders and developers, for example, through
case studies that showcase tangible benefits and metrics (whether quantita-
tive or qualitative) that can clearly communicate the value of participatory
approaches. This should increase incentives for agency leaders and devel-
opers to explore and uptake participatory approaches, while also supporting
agency workers already doing the work of advocating for increased commu-
nity and worker engagement (Section 3.4.3). Future research could identify
metrics and outcomes that agency leaders find motivating, that additionally
demonstrate the benefits of using participatory approaches (e.g., public per-
ception, worker happiness and satisfaction).

• Ensure agency leaders and developers are aware of existing easily adopt-
able methods, by improving the dissemination and findability of participatory
methods and tools developed in the research community. Increasing aware-
ness of the vast landscape of existing approaches can help lower agency bar-
riers to exploring their use, by increasing the chances that agency leaders find
an approach that meets their context-specific needs. In turn, awareness of the
landscape of participatory methods may also help to mitigate misconceptions
around whose expertise is valuable across stages of the AI development cycle
and the practicality of realizing this value. For example, agency leaders were
concerned about the feasibility of involving impacted communities without
domain knowledge on AI in AI development processes (Section 3.4.3) and be-
lieved frontline workers’ involvement should be consolidated to later rather
than earlier stages of AI development (Section 3.4.1). In this case, ensuring
public sector agencies are aware of approaches for effectively involving non-
AI domain experts in early stages of AI design has potential to help mitigate
these concerns.

• Train agency leaders and managers on ways to effectively work with front-
line workers and community members, for example, by creating safe com-
munication spaces for frontline workers and developing the reflexive skills
needed to interpret and respond to worker concerns. While prior academic
literature and regulatory standards currently focus on training for frontline
workers using AI tools, our findings suggest the additional need for training
interventions at the leadership and managerial levels that could help foster
an organizational culture of deliberate and safe cross-role collaboration. For
example, the training could teach leadership and managerial workers about
different forms of participation (e.g., from the Ladder of Participation [14]),
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to help caution against pitfalls like “participation-washing” [383] and scaf-
fold ideation around new policies or procedures that could support meaning-
ful cross-stakeholder participation in their agency. Training agency leaders
and managers to create the organizational and social conditions needed for ef-
fective collaboration with frontline workers has potential, over time, to help
reshape lopsided power relations between agency leaders and frontline work-
ers. This can open more opportunities to fully understand (and avoid misin-
terpreting) frontline workers’ underlying concerns around AI (Section 3.4.1).
Moreover, learning these skills can additionally help address agency leaders’
doubts around their ability to effectively power share with impacted commu-
nities during design processes (Section 3.4.3).

• Innovate on participatory AI methods and tools to better address problems
of practice. Develop methods and toolkits that provide concrete guidance and
support for social and political tasks required. For instance, these tasks might
involve developing a deep, grounded understanding of the historical, social,
and political context of the intended AI deployment setting (e.g., to help in-
terpret AI evaluation measures, understand implications of data limitations,
identify who is the “stakeholder” of the AI system versus who is a proxy to the
stakeholder, amongst other tasks). Responsible AI methods and toolkits today
primarily provide guidance on completing technical tasks, implicitly framing
the work of AI ethics as one that is mostly technical [453]. Our findings sug-
gest that, if responsible AI methods and toolkits continue to primarily provide
support for work that is framed as “technical”, there is a risk of further re-
inforcing agency leaders and developers’ misconceptions around the roles
and expertise that are well-equipped and necessary for doing responsible
AI work (Section 3.4.1, Section 3.4.1, Section 3.4.3).

Leveraging Power Relations With Those Above

Many of the implications discussed in the prior section can best be realized through
additional policy-level interventions. In this section, we discuss policy implications
to support the research community and public sector agencies in pursuing the op-
portunities described in Section 3.5.1.

• Situate regulatory standards and guidance in public sector agencies’ on-the-
ground needs and practices, for example, by streamlining communication
across different levels of government around the personnel and resources cur-
rently available versus needed to do responsible AI work. Participants in our
study described that their agency currently struggles to adopt “best practices”
proposed by the government (e.g., NIST RMF), given adoption requires the
creation of new roles and additional resources (Section 3.4.2). While existing
federal efforts to support the integration of AI into government services (e.g.,
AI Factsheet [186]) communicates the importance of providing guidance on
AI adoption, our findings emphasize the importance of equipping agencies
with the resources needed to follow that guidance. Mitigating resource gaps
would require having mechanisms for public agencies to communicate the
(in)feasibility of implementing guidelines and, ideally, to request additional
resources or funds. For example, this can be supported by creating a technol-
ogy unit in federal government (e.g., similar to the United States Digital Ser-
vice) dedicated to supporting consultation and collaboration between federal
and local agencies. This type of government program can help intermittently
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test regulatory standards in collaboration with local agencies, to experimen-
tally implement standards and iteratively learn opportunities for mitigating
resource-level challenges.

• Provide government funding for research priorities that innovate new par-
ticipatory approaches, including through examining the integration of these
approaches into specific organizational settings (e.g., public sector agencies).
Few research projects on AI design innovation publicly demonstrate the use
and integration of their proposed methods in real-world public sector agency
settings. Our findings suggest there are several overlooked problem spaces at
the intersection of developing and actually implementing participatory AI de-
sign approaches that work at scale across public sector agencies (e.g., around
supporting the findability and adoptability of design approaches). Using gov-
ernment funding to incentivize and support research that demonstrates real-
world integration and use of participatory AI design approaches can further
help lower the barrier for agencies to adopt these approaches in practice.

• Support public sector agencies in both learning and sharing with others
their experiences implementing participatory AI approaches, for example,
through creating a national repository documenting case studies of integrating
participatory approaches to AI design into actual public sector agencies. These
guides can help public sector agencies more easily learn from each others’ ex-
periences around translating research-based design approaches into practice.
While participants in our study shared common challenges around develop-
ing and procuring AI technologies in each of their agencies, several expressed
that they knew little about other agencies’ experiences around AI deployment;
as a result, they desired knowledge-sharing mechanisms to learn from other
agencies’ practices (Section 3.4.2).

3.5.2 Limitations and Reflections

In this paper, our goal was to understand how U.S. public sector agencies, particu-
larly those providing social services, make decisions around the design and use of
AI systems. To meet this goal, we interviewed participants working in public sector
social service departments in the United States. Given differences in existing regu-
latory requirements, cultural norms, and other country-specific factors that impact
AI design and development practices, our findings are more likely to generalize to
similar agencies within the United States, not necessarily to those in other countries
(as evident by findings from [439]). We also acknowledge that public sector agen-
cies within the United States may differ in size, access to resources, compliance re-
quirements, leadership inclination towards investing in AI systems, and many addi-
tional factors. Based on the authors’ informal conversations with other public sector
agency leaders across the United States and prior literature, we believe that the agen-
cies we studied may be relatively advanced in their thinking about AI applications
and responsible development practices. Therefore, it is possible that the challenges
discussed in this paper represent ones that public sector agencies encounter even
when they are motivated to prioritize responsible AI practices. Moreover, given the
nature of challenges described in the paper (focusing on infrastructural, legal, and
social challenges), and the generality of their sources across departments (e.g., be-
ing under-resourced, having historically tense relations with the community), we
believe it is possible that other U.S. public sector agencies may encounter similar
barriers and challenges as those described in the paper.
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The act of studying up public sector AI involves understanding barriers and chal-
lenges from the perspectives of those who hold significant power and responsibility
over their existence. To help scaffold relevant reflections and deliberations around
this potentially sensitive topic, our study included a design activity that asked par-
ticipants to think about a hypothetical scenario considering the use of AI and asked
them to describe their past experiences when discussing their responses. However,
it is possible that participants were not comfortable being fully transparent about
their experiences and challenges. Especially for practices and challenges that in-
volve other stakeholders, a critical line of future work is triangulating observations
across a broader range of relevant stakeholders, including frontline workers, im-
pacted communities, and legal experts.

Finally, agency decision-making is often made “public” through online docu-
mentation (e.g., [140]) but a lot is still excluded from those documents. Under-
standing the latent perceptions, assumptions, and experiences underlying agency
decision-making is crucial to improving development practices in the public sec-
tor. We are deeply thankful to the participants and their agencies for sharing their
time and experiences with us, and hope that collaborations between public sector
agencies and independent researchers (such as those that made this study possible)
become more commonplace.
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Chapter 4

Society-AI Interaction

This chapter is taken from the following paper:

Anna Kawakami, Jordan Taylor, Sarah Fox, Haiyi Zhu, and Kenneth Holstein. AI
Failure Loops in the Workplace: The Confluence of Overconfidence in AI and Under-
confidence in Worker Expertise. In Big Data & Society 2026. Also in Proceedings of the
2024 AAAI/ACM Conference on AI, Ethics, and Society.

Abstract. A growing body of literature has focused on understanding and address-
ing workplace AI design failures. However, past work has largely overlooked the
role of the devaluation of worker expertise in shaping the dynamics of AI devel-
opment and deployment. In this paper, we examine the case of feminized labor: a
class of devalued occupations historically misnomered as “women’s work,” such as
social work, K-12 teaching, and home healthcare. Drawing on literature on AI de-
ployments in feminized labor contexts, we conceptualize AI Failure Loops: a set of
interwoven, socio-technical failure modes that help explain how the systemic deval-
uation of workers’ expertise negatively impacts, and is impacted by, AI design, eval-
uation, and governance practices. These failures demonstrate how misjudgments
on the automatability of workers’ skills can lead to AI deployments that fail to bring
value to workers and, instead, further diminish the visibility of workers’ expertise.
We discuss research and design implications for workplace AI, especially for deval-
ued occupations.

4.1 Introduction

Workplace AI systems are often touted by developers and deployers as tools to aug-
ment workers’ abilities and improve their work experience [44]. In practice, how-
ever, these systems have frequently fallen short of meaningfully supporting work-
ers [4]. In social services, AI-based decision support tools have been introduced
for high-stakes decisions, only to be withdrawn following backlash from frontline
workers [355]. In healthcare, clinicians ignore AI tools designed to assist in clinical
decision-making [113, 257]. In education, AI tutoring systems have added to teach-
ers workloads and compromised their pedagogical autonomy—despite promises to
reduce labor and enhance teaching [167, 178, 427]. Across these sectors, AI systems
fail to complement the situated, social, and tacit knowledge that underpins workers’
expertise [256].

Prior research in human-computer interaction (HCI) and science and technology
studies (STS) offers several explanations for these failures. Scholars have pointed to
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issues of poor contextual fit, where AI systems conflict with existing organizational
structures and work practices [405, 459]. Others have highlighted flawed assump-
tions about the nature of work, misaligned values, or inadequate governance, em-
phasizing how these design shortcomings intersect with broader labor and power
dynamics [e.g., 128, 218, 396, 407]. However, one crucial dimension remains under-
explored: occupational devaluation, the systemic undermining of worker expertise,
particularly within professions predominantly occupied by women and people of
color [125]. In these professions, expertise is often not fully understood or explicitly
recognized by others [187], and devalued both in status and pay even when account-
ing for education and experience levels [125].

How does the devaluation of worker expertise shape AI design, evaluation, and
deployment? Current literature offers little insight into how this dynamic contributes
to the repeated failure of workplace AI to genuinely enhance labor. This paper ad-
dresses this gap by placing occupational devaluation at the center of our analysis.
We conduct a focused review of academic and grey literature on AI deployments
across three domains of feminized labor in the United States: K-12 education, home
healthcare, and social work.

Feminized labor has long been devalued in the U.S. Such work often involves
emotional and care-oriented labor [114], is historically labeled as “women’s work,”
and continues to be predominantly performed by women and people of color [e.g.,
77, 84, 414]. These jobs tend to be low-status within organizations, with limited
worker influence over decision-making [83]. Workers in these fields frequently re-
port that their experience is misunderstood by those in more powerful roles [e.g.,
465].

We argue that workers engaged in devalued labor are especially vulnerable to
flawed AI deployments, which often rest on reductive understandings of their work.
These systems not only fail to reflect the complexity of frontline labor but can also
further obscure and erode the visibility of workers’ expertise, creating a negative feedback
loop that deepens occupational devaluation. Through a comparative analysis [367]
of past scholarship on AI deployments across three feminized labor contexts (so-
cial work, home healthcare, K-12 teaching), we articulate why and how this dynamic
emerges.

To do so, we introduce the concept of AI Failure Loops: recurring patterns of fail-
ure in the design, evaluation, and deployment of workplace AI systems, in which
the devaluation of worker expertise leads to ineffective AI deployments—and those
failed deployments, in turn, further erode recognition of workers’ skills. These
loops are sustained across the AI development lifecycle, fueled by persistent over-
estimation of what AI can do and under-recognition of the complexity and value of
worker expertise.

Some of these challenges are familiar: They echo Forsythe’s observations of ex-
pert systems nearly three decades ago [128]. When developing expert systems,
AI developers excluded social and maintenance activities in their conceptualiza-
tions of “work,” leading to AI deployments that failed to reflect experts’ real-world
work [128]. Our paper examines how similar challenges have persisted with modern
AI, with a focus on the role of occupational devaluation.

Today, with recent waves of both AI hype and actual increases in AI capabilities,
developers are targeting a rapidly expanding range of socially complex tasks asso-
ciated with feminized occupations. Drawing lessons from past AI deployments in
these contexts, we can expect this will further accelerate the gross under-estimations
of worker expertise and over-estimations of AI capabilities that has shaped these
occupations in the past three decades. This paper responds to calls to redirect this
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trajectory toward pro-worker futures [e.g., 4], where worker expertise is celebrated
within AI practice and society more broadly, and workplace AI systems are designed
to truly complement worker capabilities. By centering occupational devaluation in
our analysis, we extend these calls, highlighting the need for AI systems that not
only avoid harm but actively contribute to the dignity and visibility of labor.

4.2 Addressing Challenges in the Deployment of Workplace
Technologies

Researchers in STS, Computer-Supported Cooperative Work (CSCW), and Organi-
zational Science have long studied challenges in the deployment of workplace tech-
nologies. Workplace technologies are often designed or introduced by managers
in ways that fail to account for the social contexts within which they are deployed
[405]. For instance, those in hyper-competitive workplaces [312] may lack incentives
to use collaborative technologies [396]. Computing systems can also fail to be used
in practice due to workers’ limited visibility into systems and the system’s limited
visibility into workers’ contexts [405]. The design of workplace technologies is also
highly political—it can prescribe certain ways of working, thus decreasing worker
autonomy [407]. In other words, workplace technologies can, in the Foucauldian
sense [129], discipline and punish [407].

A growing body of literature has examined how so-called “AI” systems extend
these trends and present new challenges [e.g., 167, 360]. As modern AI systems ex-
pand the scope of tasks subject to automation, frontline workers find themselves per-
forming new forms of hidden integration labor or “patchwork” [130] to bridge the
gaps between what workplace AI systems purport to do and what they are actually
able to do [130, 282, 372]. Prior literature has discussed how workers across occupa-
tions, from social workers and judges to radiologists, frequently ignore AI-based de-
cision support tools due to inconsistencies with their decision-making practice and
challenges around interpretability [221, 257, 331]. These challenges are further exac-
erbated by flawed evaluations, where workplace AI systems intended to augment or
automate complex human decision-making are built upon imperfect ’ground truth’
labels, leading to over-claims of model performance [256].

AI researchers are increasingly invoking the language of “participation” to sup-
port more responsible technology creation [383]. Such calls have roots in Scandi-
navian efforts to democratize workplace technology development in the late 20th
century [298]. These participatory design engagements were facilitated by strong
labor protections and partnerships between labor unionists and Marxist computer
scientists [391]. However, worker participation in AI development remains rare in
practice, particularly within the United States where the socio-political conditions
differ from the Nordic model of industrial democracy. Even when stakeholders are
involved, workers are rarely empowered to substantially shape the design process,
and familiar challenges often recur once technologies are deployed [98, 218].

We build on existing literature on workplace technology challenges, using the
systemic devaluation of worker expertise as a lens to understand why some AI deploy-
ments fail to truly support workers, even in cases where developers intend to design
worker-complementary AI.
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4.3 Devaluation of Feminized Labor

Notions of what counts as “work” and, relatedly, expertise are socially situated and
have evolved across time [397, 408]. These notions are used to justify the societal
and economic (de)valuation of human labor. Feminized labor—which often involves
care-oriented labor like teaching, home healthcare, or childcare—provides a particu-
larly striking example. Many forms of feminized labor were historically not viewed
as “work,” but as acts of love [125]. Even as feminized labor became formalized
into paid occupations through social movements, workers struggled to gain legiti-
macy. Sociologists have theorized several explanations: Employers may justify low
pay by conceptualizing feminized labor as “acts of love” provided out of “goodwill”
(the “prisoners of love” framework [114]). The association of feminized labor with
women may also lead to its devaluation precisely because women themselves are
devalued in society (the devaluation theory) [114].

Even when accounting for factors like workers’ education level, occupations with
a higher percentage of women pay less and have lower social status [125]. The most
female-dominated occupations in the United States still tend to involve care-based
work, including home care (85%), social work (85%), and teaching at the primary
and secondary levels (77%) [77, 84, 414]. Workers in feminized occupations tend to
have low status in their workplace, with little say in organizational decisions impact-
ing their day-to-day work—challenges which are exacerbated by a “glass ceiling”
on career advancements [83]. These occupations often also face systemic resource
shortages and high rates of worker burnout, all amid growing labor demands [114].

In the context of AI in feminized occupations, prior work has quantitatively ana-
lyzed labor automation trends, and found that many feminized roles—particularly
those involving emotional and care-oriented labor—are projected to be among the
most “immune” to future automation [e.g., 124, 139]. Yet, these studies leave open
how day-to-day labor dynamics shape these trends, and what they mean for worker
practices and AI. Seperately, a growing body of work documents AI failures in spe-
cific work contexts (see Section 4.2). Our paper bridges these lines of inquiry, fo-
cusing on AI in feminized occupations in the United States. Through case studies
across multiple fields of feminized labor, we introduce the concept of AI Failure Loops
to trace how the systemic devaluation of worker expertise both drives and is inten-
sified by AI practices.

4.4 Methods

To understand how the devaluation of worker expertise shapes AI practices, and
vice versa, we conducted a focused review of academic and grey literature on AI
deployments across three feminized occupations (social work, home healthcare, K-
12 teaching), with analyses informed by our team’s direct empirical experiences.
In this section, we elaborate on how this experience informed our case selection
(Subsection 4.4.1) and the literature we reviewed in our analysis (Subsection 4.4.2).

4.4.1 Team Experience and Case Selection

We examine case studies of AI deployments across social work, home healthcare,
and K-12 teaching, selected because our team has direct experiences collaborating
with workers in each occupation. This experience—collectively including over ten
years of work observing worker practices, designing interventions with workers,
and speaking with leadership and managers to facilitate these collaborations—allowed
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FIGURE 4.1: A visual overview of AI Failure Loops. The six failure
modes (in circles) that contribute to the dynamics of the AI Failure
Loops exist within a web to illustrate the inter-connected relationship

amongst the failure modes.

us to ground our analysis of relevant literature in our own empirical material (e.g.,
field notes). For example, our social work case study was informed by our prior
findings from field research conducted across five U.S. public sector agencies [218,
221]. This includes experiences observing workers’ use of AI-based risk assessment
tools [221], speaking with agency leadership and in-house AI developers in social
work agencies [218, 219], and designing interventions with social workers [222].
Our healthcare case study was informed by our experiences conducting interviews
and design activities with home health aides, aide coordinators, and nurses to un-
derstand their perspectives around workplace AI [e.g., 24]. Our K-12 teaching case
study was informed by our prior field research studying K-12 teachers’ adoption and
use of AI-based tutoring systems across hundreds of US-based schools and class-
rooms [holstein2019, e.g., 178, 179].

4.4.2 Literature Review and Analysis

Our analysis is based on prior literature on AI deployments across the three case
studies (social work, home healthcare, and K-12 teaching), each drawn from prior
academic and grey literature (including but not limited to prior research from our
team). Specifically, as we conducted a comparative case analysis [367] of AI de-
ployments across these occupations, we began to notice common trends, which we
explored further through a focused review of academic and grey literature. We
gathered and analyzed literature from computing (e.g., HCI, robotics, AIED) and
domain-specific (e.g., healthcare, social work, and education) research venues. We
searched literature on field deployments of AI systems in workplace contexts [e.g.,
205], literature reviews on technologies deployed in specific workplaces [e.g., 244],
and syntheses of trends on the impacts of AI on workers [e.g., 167]. Our analysis
was not limited to research on challenges from AI deployments. Through our initial
comparative case analysis of findings across the authors, and this subsequent review
of the literature, we iteratively developed the AI Failure Loops concept.

We next present the concept of AI Failure Loops (Section 4.5), then describe our
three case studies (Section 4.6) to illustrate how AI Failure Loops unfold in practice.
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4.5 AI Failure Loops

AI Failure Loops arise at the confluence of two dynamics: over-confidence in AI capa-
bilities on one hand, and under-confidence in worker capabilities on the other. We
conceptualize AI Failure Loops as negative feedback loops that occur when the deval-
uation of worker expertise introduces or reinforces threats to the creation of useful
worker-facing AI tools, in turn leading to the deployment of worker-facing AI tools
that further amplify harms from worker devaluation. Based on prior literature dis-
cussed in the Case Studies (Section 4.6), we identify six interwoven AI failure modes
that shed light into how this can happen:

• Expertise Misunderstanding: AI tools in devalued occupations are often mo-
tivated by misunderstandings of workers’ expertise. When designing, eval-
uating, or deploying AI, this may manifest in workers having their expertise
questioned.

• Managerial Over Worker Needs: AI tools in devalued occupations are often
designed to meet broader organizational goals and targets, at the expense of
worker needs.

• Design Exclusion: Workers in devalued occupations tend to be excluded from
the design process. If they are involved as one of multiple stakeholders in
a design process, their perspectives may be considered a second priority to
other stakeholders.

• Inappropriate Evaluation: Evaluations of AI tools in devalued occupations
tend to be designed in ways that advantage AI performance and disadvan-
tage workers, further promoting misunderstandings of their expertise and the
nature of their work.

• Forced Use: Workers in devalued occupations often do not have the power to
refuse technology use.

• Unwarranted Blame: Workers in devalued occupations tend to receive un-
warranted blame or responsibility for shortcomings or harms observed from
AI systems during deployment.

Figure 4.1 provides a high-level visual overview of AI Failure Loops. As illustrated
by the web, the six failure modes are mutually reinforcing, where the presence of one
failure mode can amplify the likelihood of others. As we will see in the Case Studies
(Section 4.6), devaluation and misunderstanding of worker expertise are at the core
of these dynamics. In our first case, we will show how misunderstandings about
how social workers make child maltreatment screening decisions (Expertise Misun-
derstanding) led to the use of AI evaluation measures that were fundamentally mis-
aligned with their decision-making goals (Inappropriate Evaluation). Then, we will
describe how home health aides are systematically excluded from the design of new
technologies (Design Exclusion), in part, because they are made invisible by organi-
zational leaders who did not perceive them to be an integral part of the healthcare
system (Expertise Misunderstanding). Instead, “higher status” healthcare profession-
als’ and institutional needs and goals were prioritized in design efforts (Managerial
Over Worker Needs). Finally, we will show how K-12 teachers’ exclusion from adop-
tion decisions of new AIED technologies (Forced Use) disincentivized AI develop-
ers from understanding teachers’ work practices, limiting their ability to design AI
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TABLE 4.1: Additional historical and social context on the three fem-
inized occupations presented in our case studies (social work, home
health, and K-12 teaching in the United States), drawn from existing

academic and grey literature.

Origins 20th Century Today

Social Work

Founded in 1880s by women organizing settlement
house movement, a reformist social movement ded-
icated to bridging resource gaps between rich and
poor families [465].

Formalized into profession, with requirements for
Master’s training and state licensing to practice in
most U.S. states [465].

Social workers continue to be predominantly women and disproportionately Black
or Hispanic [84]. Continued worker devaluation: Paid relatively little compared to
other fields requiring similar levels of education [366]; workers voice they feel their
expertise is misunderstood and devalued in their workplaces and society [465].

Home Health

Considered part of domestic life for most families in
early 19th century, while professional home care was
reserved for wealthy families. By late 19th century,
women began organizing efforts to send nurses to
homes of poorer families [49].

The Fair Labor Standards Act of 1938 outlaws ex-
ploitative practices and instituted an 8-hour workday
but home health aides are explicitly excluded [289].

Home health aides continue to be predominantly women and disproportionately Black
or Hispanic [77]. Continued worker devaluation: Majority of workers lack benefits
like paid time off, sick leave, or employer-sponsored health insurance [17]; majority
of workers live below poverty line [77]; workers often not seen as part of healthcare
team, despite being integral to healthcare system [314].

K12 Teaching

Originally conceived as male-dominated occupation
that men partook in during farming off-seasons or
prior to moving into more well-established profes-
sions. Women begin to enter the profession in the
late 1880s [352].

Profession is predominantly occupied by women, ex-
cept among administrators [388]. Profession be-
comes increasingly formalized with state licensing and
university education program requirements [418].

K-12 teachers continue to be predominantly women, except in leadership positions
(e.g., principals, superintendents) which continue to be male-dominated [237]. Con-
tinued worker devaluation: Paid relatively little compared to other fields requiring
similar levels of education [125]; workers report high levels of stress and burnout [398].

tools that effectively complement teachers (Expertise Misunderstanding). When de-
ployed classroom technologies fall short of achieving their envisioned potential, AI
developers and school districts often attribute these shortcomings to teachers’ pur-
ported incompetence (Unwarranted Blame), with inadequate consideration for poten-
tial technology design issues.

4.6 Case Studies

To illustrate the concept of AI Failure Loops, we present three case studies of AI de-
ployments in feminized labor, each emphasizing different failure modes: AI-based
risk assessment tools in social work, AI for home healthcare, and AI tutoring systems
in K-12 teaching. We provide additional context on each occupation in Table 4.1.

4.6.1 AI-Based Risk Assessment Tools Have Amplified Misconceptions
of Social Workers’ Expertise

Context

To address widespread staffing and resource shortages, social work agencies across
U.S. state and local governments have started to deploy AI-based risk assessment
tools in areas like housing allocation for unhoused individuals and screening for
child maltreatment cases. One prominent example of such a tool is the Allegheny
Family Screening Tool (AFST), a predictive optimization-based [443] tool intended
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to assist social workers in making screening decisions around potential child mal-
treatment cases. The model is trained on historical administrative datasets to pre-
dict the likelihood of a child being mistreated, using the likelihood a child will be
removed from their home within two years as an imperfect proxy. Given adminis-
trative data on a particular family, the AFST outputs predictions in the form of a risk
score between 1 and 20. This class of AI-based risk assessment tool has been adopted
across other agencies in the U.S., New Zealand, and Denmark, and applied to other
social work decision-making tasks (e.g., foster care placements, temporary lodging
placements). In initial years of deployment, the social work agency received both
widespread praise and criticism for its deployment of the AFST. On the one hand,
the agency was lauded for publishing public-facing evaluations on the ethical im-
plications and technical performance of the model (e.g., [436]). On the other hand,
academics, advocates, and journalists heavily criticized the agency for deploying an
AI model with biased performance against Black and disabled communities [13, 138]
and poor construct validity [80], with some calling to end the use of such tools.

AI Failures in Social Work

We turn our attention to how the kinds of AI design and deployment challenges
discussed in these prior critiques may have been influenced by how workers in this
domain are perceived and treated by agency leadership and AI developers. This
section revisits prior literature on the design and use of the AFST, using AI Failure
Loop as a lens.

AI tool design fundamentally misunderstands social workers’ expertise and over-
looks their needs The social work profession has a “glass ceiling,” where workers
have minimal opportunities to advance into organizational decision-making roles.
As a consequence, there are often large silos between agency leaders and social
workers, so those making decisions impacting social workers may have limited pro-
cedural understanding of the expertise and on-the-ground knowledge social work
requires [183, 221, 360].

In the AFST case, the agency issued an open call to create a new tool to sup-
port child maltreatment call screeners in making more efficient decisions. Despite
social workers being the main users of the tool, the tool creators did not treat them
as stakeholders in the design process. For example, social workers’ perspectives on
the AI tool were collected only after the model was already developed, using nar-
rowly focused surveys confirming their comprehension of a brief training on the
tool, while limiting broader feedback on the tool’s overall problem formulation and
design [221].

As a result, both researchers and workers have since pointed to fundamental
flaws in the AFST’s design, which may have been avoided had workers been mean-
ingfully involved in the design process [138, 221]. For example, the longer-term
outcomes this AI tool was trained to predict (risk of out-of-home placement over
the next two years) fundamentally conflicted with how workers were trained and
legally-required to make decisions (i.e., based on assessments of immediate risks to
the child). Therefore, once deployed, workers expressed concerns about the tool’s
validity and uncertainty around how they were expected to interpret and use its
outputs [62, 221, 222].

More broadly, workers questioned the validity and usefulness of the tool’s over-
all formulation: statistical risk prediction based on government administrative records.
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Instead of presenting opaque predictions derived from the shallow information avail-
able in administrative data, workers believed it would have been more helpful to
have AI support them in making sense of available evidence—leveraging their on-
the-ground knowledge and qualitative understanding of case-specific context as hu-
man experts [222].

Developers interpret worker complaints around AI as signals of worker deficits
As illustrated above, social workers are often excluded from pre-deployment design
and deployment decisions of AI tools that intend to support their work [218]. When
workers are given opportunities to provide feedback on AI tools post-deployment,
their complaints are often dismissed as an inability to understand a complex tech-
nology. For example, in the AFST case, one worker described the types of responses
they would receive after submitting feedback forms on the AI tool’s risk score as
follows:

“The input does not feel like a two-way street. [We] are told why we’re
wrong, and [that] we just don’t actually understand algorithms versus,
like, maybe you [the workers] are observing something [our algorithm]
missed, you know? [...] In the past, it’s felt like when we’ve taken advan-
tage of that function [to give feedback on the AFST score], it has kind of
resulted in just explaining to you why the score is actually right” [221].

Social workers are forced to use AI, even when they disagree Social workers can-
not simply refuse technology use [218, 221, 360]. Organizational policies govern how
often they can apply discretion with the model. For example, social workers were
required to use the AFST and were expected not to disagree “too often.” Workers
feared that violating this expectation could jeopardize their employment, so they
felt pressure to agree with the AI model, often against their best judgment [221].
Nonetheless, workers still exercised their ability to disagree with the AI on a “bud-
get,” to try to do right by families under these constraints [62].

Similar AI-based risk assessment tools have been deployed in criminal justice.
For example, COMPAS assists judges in making recidivism risk assessments [109].
Despite some similarities between the risk assessment tools in social work versus
criminal justice (e.g., excluding workers from the design process), we argue there
are some notable differences. Given judges’ relatively higher-status and organiza-
tional power, they have greater ability to refuse technology use by “ghosting the
machine” [331], ignoring risk scores at their discretion or discarding the entire risk
assessment model, without fear of employment consequences.

4.6.2 “AI for Healthcare” Has Left Behind Devalued Healthcare Experts

Context

Governments and private investors have thrown billions of dollars into healthcare
AI innovations—and this number is only increasing each year [117, 459, 463]. Many
of these innovations target home healthcare. Yet, today, there exist few, if any, tech-
nical innovations that actually support home health aides [244]—workers, the ma-
jority of whom are women and people of color, who support elderly people and
people with disabilities in everyday personal care (e.g., bathing, washing, mon-
itoring health challenges) and household responsibilities (e.g., cooking, cleaning,
shopping). Instead, existing technologies in home health have tended to automate
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worker skills (e.g., care robots [117]), manage worker practices (e.g., shift match-
ing [solano2025running]), or provide support to other stakeholders like patients
(e.g., interactive voice assistants [24]). For example, to help address the immense
care work shortage, several countries–across Europe, North America, and East Asia–
have heavily invested in exploring the potential of care robots [117]. In fact, care
robots for home healthcare applications are among the main investments in robotics
applications [117]. However, a growing body of work has recognized that, if not
designed carefully, these systems may disempower workers and amplify challenges
they face already [131, 325, 425]. These tendencies to decenter home health aides in
AI innovation efforts—in home health and healthcare more broadly—has occurred
amid increasing acknowledgement that home health aides are the cornerstone to
systems of care, that demands for their labor are increasing, and that institutional
support for their wellbeing and labor has remained stagnant [77].

AI Failures in Healthcare

This failure to deploy technical innovations that support home health aides can be
understood as a failure of existing efforts to consider the impacts of and on the de-
valuation of home health aides. This section revisits why research and design com-
munities have failed to design AI technologies that genuinely support home health
aides, borrowing AI Failure Loop as a lens.

Home health aides are rarely designed for In the past decade, “AI for healthcare”
has grown substantially as both an area of academic research and capitalist spec-
ulation. These efforts often center ways to better meet doctors’ needs. However,
nurses and home health aides—who also play critical roles in healthcare—are rarely
designed for or with [244].

While healthcare services rely on collaboration among various professions–including
home health aides, nurses, and doctors–most existing efforts to deploy AI technolo-
gies overlook this. Instead, the majority of AI for healthcare efforts in the past
decades focused on supporting doctors (e.g., physicians, radiologists, surgeons), for
example, through new clinical decision support tools [372, 459, 461]. We argue that
the decentering of home health aides in “AI for healthcare” efforts has happened, in
part, due to misconceptions of the nature of their labor and organizational dynamics
that further entrenched these misconceptions.

While home health aides provide many of the same services as nurses in health-
care institutions [162], their labor is performed within their clients’ homes rather
than in institutions. Prior literature has described this physical isolation from health-
care institutions has made their labor less visible to other healthcare professionals
and policymakers, and created associations with informal home care work [71], chal-
lenging the profession’s perceived legitimacy along the way.

These misconceptions of home health aides’ expertise, and along with it, their
systemic devaluation, are also observed through how home health aides are treated
within healthcare institutions. In Improving Long-Term Care by Finally Respecting Home-
Care Aides [314], Osterman recalls a conversation with a nurse: “no one pays atten-
tion to home-care aides . . . . When something changes they notice but are not taken
seriously.” These misjudgements may not be explicitly acknowledged nor under-
stood. For example, Osterman recalls conversations with other healthcare profes-
sionals and stakeholders, observing:
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“other medical professionals, home care agency executives, directors of
nursing homes, insurance company executives, and state and federal
policy makers, I consistently heard comments that began with a bow to
what wonderful people direct care workers are, and then went on to de-
mean their skills and potential” [313]

Even as decision-makers in healthcare (e.g., doctors, hospitals, state regulators,
insurance companies) verbally acknowledge home care aides, they “typically do not
think that home care aides can be real members of a care team” [313]. Osterman de-
scribes this happens, in part, because home care aides’ skills are overlooked, instead
misunderstood as that of “unskilled companions [and] glorified babysitters” [313].
Ming et. al. observes that home care aides recognize these misjudgements: “Some
people see us as a maid [...] We’re not just here to clean your house [..] Maid are
different from an aide” [290]. [290] further cautions that failing to account for the
invisibility of aides’ work may contribute to the deployment of AI systems that en-
force compliance to impoverished notions of “care”—which, in turn, may further
devalue and make invisible home health aides’ work.

In fact, most existing technologies intending to support home care agencies have
geared towards supporting higher-status workers in home health agencies (e.g., doc-
tors, nurses), rather than directly helping home health aides. A literature survey
from 2022 found only nine studies contributed technologies to support home health
aides [244]. Of these, the majority (7/9 studies) were technologies where home
health aides were only one of several potential users. The authors found no studies
with a long-term evaluation on how the technology impacted home health workers.

Existing technology “for” home health aides have failed to emulate or enhance
their work Researchers and policymakers have long looked for ways to sustain
the growing population of elderly people—much of which is currently supported
through home health aides [27, 161]. While there has been limited research on tech-
nologies to support home health aides, there is a comparatively large number of
papers exploring ways to automate home-based tasks needed by elderly people, in-
cluding tasks home health aides usually complete [117]. Many of these technical
deployments have come in the form of care robots. However, despite the massive
amounts of funding dedicated towards advancing the design of care robots, actual
deployments of care robots have often been deemed failures [e.g., 325, 376]. Most
of this literature has discussed failures with respect to meeting elderly people’s care
needs.

While care robots may have been intended to help alleviate the increasing de-
mand for home care workers, the few studies that account for impacts on care work-
ers have observed impacts in the opposite direction. For example, in a scoping re-
view of 27 papers on the deployment of care robots, researchers concluded the effec-
tiveness of care robots is “mixed” at best. It further observed how robots can instead
increase caregivers’ workload: care robots “seldom work as a shortcut to increased
efficiency or time effectiveness” as workers must undergo the labor of maintain-
ing and operating the robot [325]. Another study found care workers experienced
emotional demands, grappled with new ethical challenges, and felt decreased job
satisfaction when care robots were deployed in their workplace [455, 456].

Beyond care robots, [solano2025running] discuss similar challenges with other
forms of home health technologies, like AI-based shift management technologies
that match home health aides with patients. Home health aides reported feeling
concerned about how matching algorithms fail to account for the human dimensions
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of their work, like personality, compassion, and empathy, that impact the quality
of matching decisions [solano2025running]. Others described how AI-based shift
management technologies may further increase the invisibility of home health aides’
work by taking away the already minimal amount of contact they have with home
health agencies [solano2025running].

Institutional power imbalances incentivize involvement of higher-status work-
ers in AI design Home health aides are rarely consulted during the design pro-
cess, even for technologies directly impacting them [244]. This creates a stark con-
trast with the development of technologies that support doctors. In this section, we
briefly discuss how having organizational power as a “high status” worker can cre-
ate incentives to avoid the AI Failure Loop. In doing so, we shed light onto the power
and labor dynamics at play in low-status occupations, that lead to deviations in how
they are impacted by AI deployments.

The HCI, ML, and medical research and development communities have long
been interested in innovating new AI tools to support medical decision-making.
Even with decades of attempts, successfully deploying AI tools into real-world health-
care contexts has remained a challenging task [463]. Once deployed, the majority
of AI innovations have failed to bring value to doctors [461]. Much like in social
work, early versions of decision support tools were often created in isolation from
the professional decision-makers themselves: Medical experts were not consulted
during the design process. Academics and hospitals found that, even after spending
millions of dollars and decades of research innovating on medical decision support
tools, doctors were simply ignoring them once they were deployed in practice [459].
This ability to ignore the AI tool–to have full agency over decisions to ignore or dis-
agree with an AI tool–incentivized researchers and developers to consult doctors in
future AI innovation attempts.

We argue that doctors’ refusal to use AI innovations incentivized researchers and
developers to more closely examine why doctors were not adopting them [e.g., 458,
459]. To ensure they were creating AI tools doctors would actually use once de-
ployed, the academic and developer communities may have been more incentivized
to account for doctors’ needs and desires (as evidenced by the gradual surge of aca-
demic papers documenting medical experts’ needs [e.g., 55, 461] and involvement
in AI creation [e.g., 372, 459, 461]).

In comparison, home health aides, like social workers, are not as well-respected
in the healthcare system, making it less likely for them to have agency over tech-
nology deployments like the ability to refuse technology use. Moreover, because
post-deployment evaluations of home health aides’ perceptions of AI tools are com-
paratively scarce [e.g., 244], their negative impacts on workers may also be more
likely to go unnoticed.

4.6.3 Persistent Visions of Automation in Education Have Further Deval-
ued Teachers’ Expertise

Context

Researchers and developers have long explored ways to introduce new technologies
into K-12 education, with hopes to transform the schooling experience. The vision
behind AI in education (AIED) research is that every student will be able to work
at their own pace and get the personalized support they need [167, 448]. However,
these technologies have often been designed with a focus on supporting student
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learning, without considering the needs and practical constraints of the teachers who
are asked to use them in their classrooms [16, 167, 178, 349].

AI Failures in K-12 Teaching

As in the prior two case studies, we see that AI deployments in education have been
designed and evaluated at the confluence of two persistent dynamics: policymakers,
companies, and school districts have long lauded the potential of AIED technologies
to radically transform K-12 education, while, at the same time, these groups have
devalued and misunderstood K-12 teachers’ expertise. In this section, we examine
how AI design, evaluation, and deployment practices have been impacted by these
dynamics.

Designing to help students learn, at the expense of helping teachers teach There
is a long history of AI development in education guided by the ultimate vision of
automating away the role of human teachers [371, 448]. Over the past forty years,
research and practice in AIED has largely centered students’ needs, often without
explicit consideration for teachers’ needs and constraints in the classroom [16, 167,
178, 349]. Holmes refers to these deployments as “student-focused AIED”—AI tech-
nologies aiming to automate one or more of teachers’ tasks for the stated goal of
helping students learn, for example, including tutoring systems, virtual writing as-
sistants, automatic writing evaluation, and chatbots. By contrast, Holmes finds that
“teacher-focused AIED” has remained largely speculative, confined to academic re-
search prototypes rather than commercial systems [167]. Beyond the research com-
munity, commercialization practices help explain the prevalence of student-focused
AIED technologies at the expense of teacher-focused AIED. Companies sell AIED
technologies to schools and districts, and past research has found that teachers may
be given little say in whether or not to adopt a given technology [178, 427].

By reducing K-12 teachers to mere service providers responsible for operating
technology and maintaining the classroom [167], many commercialized AIED de-
ployments require teachers to “accommodate” to the technology. Indeed, prior work
examining AI deployments observed how teachers often struggle to make AIED
technologies work in their classroom, without having to adjust their practices in
unreasonable ways or take on new responsibilities along the way [116, 427]. Ob-
serving math teachers using an AI tutoring systems in their classrooms, Holstein
et al. and Utterberg Moden et al. found that teachers were forced to grapple with
numerous contradictions designed into the AIED system, eventually causing them
to abandon the system. For instance, while the AI tutoring system aimed to help
students work at their own pace, this ran counter to pedagogical practices around
collaborative learning and discussion: Teachers had a responsibility to maintain a
cohesive classroom environment, where students were roughly synchronized in the
content they were learning. [178, 427].

Moreover, these failures to support teachers may be challenging to capture post-
deployment because existing AI evaluation measures focus on improving student
learning and achievement outcomes with little regard for teacher experiences. As
was the case with AI deployments for social workers and home health aides, the
emotional and physical labor involved in integrating and operating AI technologies
into the workplace are not considered in assessments of new AI deployments.

“Teacher bashing”: Teachers receive unwarranted blame for failed AIED deploy-
ments Despite the labor and skill required to make AIED technologies work in



134

their classroom, teachers are disproportionately blamed for limited adoption and
use of AIED technologies in classrooms [167, 371, 448]. Indeed, there is often an as-
sumption that the reason AIED tools are not well-implemented is because teachers
are too disinterested or unskilled to use the technology effectively. In their book,
“Education and Technology: Key Issues and Debates,” Selwyn reflects:

“As is often the case with debates over the ‘failures’ of education sys-
tems, ‘blame’ for the restricted use of technology in schools, colleges,
and universities has tended to be attributed most readily to the perceived
shortcomings of teachers [...] teachers have been deemed to be too old,
disinterested, or incompetent to integrate digital technology [...] It is all
too easy for enthusiastic academic commentators to indulge in ‘teacher
bashing’ and portray teachers as outmoded, obstructive, or ignorant.”
[371]

Limited incentive to change AIED development practices Prior work has docu-
mented instances in which teachers were able to abandon AIED deployments that
failed to bring them value [e.g., 178, 427]. However, even when teachers unite to
refuse technology use, they are not guaranteed an escape from AI Failure Loops longer
term. As discussed in Section 4.6.1 (judges) and Section 4.6.2 (doctors), higher-status
workers may be able to simply ignore the outputs of an AI tool, creating natural in-
centives for future AI developers to account for their needs and desires in future AI
creation attempts. On the other hand, lower status workers like teachers may man-
age to escape from an instance of a failed AI deployment, but these escapes alone
are unlikely to prompt meaningful improvements in AI development practices. As
discussed above, school districts and developers may still disproportionately blame
teachers for low adoption and use of AIED technologies missing opportunities to
identify ways to design AI technologies that genuinely support teachers.

4.7 Discussion: Toward Pro-Worker AI

In this section, we discuss implications for researchers and practitioners to support
the study and development of pro-worker AI. We begin with three critical questions
(Section 4.7.1– 4.7.3) to guide future research, policy, and practice towards a pro-
worker future for AI and society. Each question raises implications to help speak
back against currents that devalue worker expertise through AI practices. Drawing
on lessons from our case studies, we explore how AI Failure Loops might be avoided
by attending to the ways design processes account for power dynamics (Subsec-
tion 4.7.1), the ways measurement can be used to make misleading claims about hu-
man versus AI performance (Subsection 4.7.2), and opportunities to bridge the gaps
between pro-worker AI in theory and in practice (Subsection 4.7.3). We end with a
discussion of unique considerations for the case of feminized labor (Section 4.7.4).

4.7.1 (How) can design processes manipulate power?

Our findings demonstrate how the design of workplace AI can reproduce and ex-
acerbate occupational devaluation. The everyday work of devalued occupations,
including but not limited to feminized labor, is often obscured from those in com-
paratively “high status” positions in the same organizations [35]. Yet, across our
cases, AI developers routinely privileged the knowledges of “experts” to speak for
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devalued workers. Rather than involving social workers themselves, developers
consulted social work academics (Section 4.6.1); rather than involving teachers, de-
velopers consulted school district administrators (Section 4.6.3). In doing so, AI de-
velopers further perpetuated the invisibilization of feminized labor and the deval-
uation of workers’ expertise [154]. In failing to include — let alone center — social
workers and teachers in the design process, developers created tools that did not
work for these frontline workers.

Centering historically devalued workers in the design and research of AI systems
poses unique challenges. Echoing longstanding concerns regarding gatekeepers in
participatory design [390], relying on managers to access workers may exert undue
influence on research and design decisions. Instead of expecting leaders to open
a pathway to involve workers, we encourage researchers and practitioners to buy
workers’ time and form collaborations with existing labor unions and worker ad-
vocates [389]. Researchers should also critically examine worker participation in AI
development. Workers may feel forced to participate [406] or be included [165] in AI
design processes with which they disagree but cannot reject [98]. If devalued work-
ers are involved as one of multiple stakeholders, treating their voice as “equal” to
other “high status” stakeholders may reproduce workplace power imbalances [131].
Finally, we caution that managers and developers may recuperate the language of
“participation” by using minor worker involvement to justify AI deployments, also
known as participation washing [383].

4.7.2 (Why) do we need to measure human performance against AI?

The measurements used to evaluate AI models are but one of many representations
of the world [37]. Our case studies demonstrate how the design of workplace AI
evaluation metrics can further marginalize devalued workers. As we described in
Section 4.6.1, managers measured worker versus AI performance according to AI
developers’ flawed predictive target. Even though this predictive target misaligned
with workers’ underlying decision-making goals [62], this comparative analysis was
used to justify the AI tools’ deployment. Moreover, once AI tools were deployed,
these flawed measurements were used to track and surveil workers’ compliance
with AI outputs [221].

Our case studies also strongly suggest that we should question the value of
“measuring” workers in the first place. As noted by CSCW scholars, the question of
what work to make (in)visible through datafication can be politically fraught [397].
Researchers and developers may find that some work cannot or should not be quan-
tifiable, leading to the development of alternative evaluation standards (e.g., worker
satisfaction). However, even in occupations where there has been decades of re-
search and development, as is the case with AIED technologies in K-12 education,
the vast majority of evaluations for AI deployments have focused on understanding
impacts on other stakeholders (e.g., students), without consideration for frontline
workers (e.g., teachers’) experiences and perspectives [167].

In contrast to current workplace measurement approaches, future research could
explore the design of new approaches with workers that help make visible the (cur-
rently invisible) impacts of AI deployments on their labor. In these efforts, ensuring
worker ownership over data collection and disclosure decisions is critical to ensur-
ing that such measurements can actually enable workers to advocate for better tech-
nologies and working conditions (or the abandonment of technologies), rather than
further surveil [290].
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4.7.3 What happens after worker-centered design?

Our case studies also demonstrate a tension between the theory and practice of
pro-worker AI research and design. As illustrated in the education case study (Sec-
tion 4.6.3), institutions may be less incentivized to adopt or commercialize AI tech-
nologies that center devalued workers’ needs. This has led teacher-centered AIED
tools to remain largely “speculative” [167], where they exist as research prototypes
but not as actual tools used in the classroom. Worker-centered AI tools that do get
adopted by real-world organizations may still inadvertently reinforce worker deval-
uation through organizations’ governance practices. As AI Failure Loops explains,
workers in devalued positions tend to receive unwarranted blame for unanticipated
issues and harms that arise from AI post-deployment, even if they have minimal
power to prevent them. If AI harms are only visible to workers, they may also not
have power to refuse to use the technology. Even in efforts to deploy and, when ap-
propriate, commercialize AI technologies, researchers and developers must continue
to remain wary of—and actively correct for—the impacts of occupational devalua-
tion.

Researchers can also support pro-worker AI through policy advocacy aimed at
empowering workers to govern AI use and maintenance. For example, future work
could design new approaches to involve workers in the creation of organizational
policies that govern technology use—including to empower worker involvement in
decisions around whether and when to decommission a technology. Future work
could also explore ways to expose policymakers to the (often overlooked) impacts
of technology on workers, to inform the creation of sector-specific worker-protecting
regulations (e.g., [468]). Finally, future work should continue to formalize mech-
anisms for worker collective action by, for example, designing new technologies
that allow workers to organize around and share experiences with technology use
(e.g., [198]).

Finally, our case studies demonstrate the importance of critical research elevating
workers’ voices and questioning the design of workplace AI systems. For example,
the AFST research we described in Section 4.6.1 partially contributed to some US
states stopping the use of similar child welfare screening algorithms in other US
states [206]. Likewise, the development of a child welfare risk assessment tool in
Denmark was canceled due in part to public scrutiny fueled by critical scholarship
[339]. While researchers may not always have the power to ensure that workers are
centered in the design of workplace AI systems, they can play a crucial role in con-
testing the proliferation of workplace AI systems that reinforce worker devaluation.

4.7.4 The Case of Feminized Labor

Redirecting toward a pro-worker future for AI may involve some unique consider-
ations in the context of feminized labor. For instance, many feminized occupations
center on emotional and care-oriented labor that may be difficult or impossible to
quantify, increasing risks of misquantifications in AI development. Moreover, work-
ers in service-oriented positions (i.e., most feminized positions) are often trained
to decenter themselves, becoming a “non-person” in their workplace and to em-
ployers [128, 290]. Even if AI developers manage to form genuine design partner-
ships with workers, they may not—without explicit encouragement—advocate for
designing technologies that meet their own needs. In past efforts to design technolo-
gies with feminized workers (e.g., home health aides, K-12 teachers), these workers
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often centered clients’ needs and de-centered their own needs by default during de-
sign engagements, unless nudged by designers to do so [holstein2019, 24]. We antic-
ipate that, with time, redirecting this trajectory will only increase in importance for
AI in feminized occupations. When one considers that many of the most devalued
occupations are dominated by women, the majority of whom are women of color, it
becomes necessary to recognize the presence and prevalence of AI Failure Loops as a
racial, gender, and social justice issue.

4.8 Conclusion

Visions for “transformative” workplace AI technologies that undermine workers are
not new. Technologists have long envisioned that AI technologies would “fix” staff
shortages in feminized occupations. The challenges described in this paper—the
development of workplace technology without a grounded understanding of work-
ers and their work—are reminiscent of observations made by Forsythe nearly three
decades ago [128]. Forsythe found that AI developers building expert systems held
impoverished understandings of “work,” disregarding social and maintenance ac-
tivities. Thus, these expert systems failed to model experts’ real-world work prac-
tices. Despite the shift from rule-based to machine learning systems, many of Forsythe’s
observations persist today.

Since Forsythe’s writing, the scope and breadth of worker tasks that AI devel-
opers target have substantially expanded, from systems attempting to provide emo-
tional support for K-12 students to predicting whether a child is at risk of future
abuse or neglect. As this trend continues, our case studies provide a cautionary tale:
historically devalued occupations are particularly vulnerable to AI Failure Loops. We
expect recent increases in both AI hype and actual capabilities will exacerbate the
over-estimations of what AI can do and under-estimations of workers’ expertise.

Critically, nothing about the future of AI and work is inevitable. To overcome
AI Failure Loops, we must learn from past developments that perpetuated the de-
valuation of feminized labor and contest the societal and organizational devalua-
tion of certain work. Re-imagining AI development practices to empower devalued
workers may even help foster such cultural shifts. Just as AI Failure Loops are self-
reinforced through negative feedback loops, reversing these trends may cultivate
positive feedback loops between pro-worker AI practices and worker valuation.
This paper extends discussions of how researchers, policymakers and practitioners
can help redirect towards a pro-worker future for AI and society, by drawing lessons
learned from how worker devaluation has shaped AI practices, and vice versa.
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Chapter 5

Improving AI Use

This chapter is taken from the following paper:

Anna Kawakami, Luke Guerdan, Yanghuidi Cheng, Kate Glazko, Matthew Lee,
Scott Carter, Nikos Arechiga, Haiyi Zhu, and Kenneth Holstein. “Training Towards
Critical Use: Learning to Situate AI Predictions Relative to Human Knowledge.” In
Proceedings of the 2023 ACM Collective Intelligence Conference.

Abstract. A growing body of research has explored how to support humans in mak-
ing better use of AI-based decision support, including via training and onboarding.
Existing research has focused on decision-making tasks where it is possible to eval-
uate “appropriate reliance” by comparing each decision against a ground truth label
that cleanly maps to both the AI’s predictive target and the human decision-maker’s
goals. However, this assumption does not hold in many real-world settings where
AI tools are deployed today (e.g., social work, criminal justice, and healthcare). In
this paper, we introduce a process-oriented notion of appropriate reliance called crit-
ical use that centers the human’s ability to situate AI predictions against knowledge
that is uniquely available to them but unavailable to the AI model. To explore how
training can support critical use, we conduct a randomized online experiment in
a complex social decision-making setting: child maltreatment screening. We find
that, by providing participants with accelerated, low-stakes opportunities to prac-
tice AI-assisted decision-making in this setting, novices came to exhibit patterns of
disagreement with AI that resemble those of experienced workers. A qualitative ex-
amination of participants’ explanations for their AI-assisted decisions revealed that
they drew upon qualitative case narratives, to which the AI model did not have ac-
cess, to learn when (not) to rely on AI predictions. Our findings open new questions
for the study and design of training for real-world AI-assisted decision-making.
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5.1 Introduction

AI-based decision support (ADS) tools are increasingly deployed to assist front-
line professionals in critical, real-world contexts like social services, healthcare, and
criminal justice, with the hope of improving decision quality. However, realizing
these tools’ potential in practice is far from guaranteed [45, 102, 147, 168, 258]. To
support human decision-makers in effectively using such tools, it is critical that they
receive sufficient training before using them in practice. Yet, today, ADS tools are
often introduced into these contexts without adequately preparing the frontline pro-
fessionals who are asked to use them day-to-day [55, 221, 359].

To address this real-world need, a growing body of studies have explored on-
boarding and training approaches to support human decision-makers in learning to
use ADS tools, demonstrating promising initial results [e.g., 19, 295]. Many of
these research studies state a motivation to improve human-AI decision quality in
critical applications (e.g., healthcare, criminal justice, and social services). However,
a careful review of these studies surfaces key differences between their task designs
versus the actual AI-assisted decision-making tasks frontline professionals perform
in their day-to-day work [149]:

• Target-construct mismatch: Whereas most experimental studies of AI-assisted
decision-making assume that human experts and AI models are predicting the
same construct, in practice models are often trained to predict an imperfect
proxy for the true outcome of interest to human decision-makers [80, 149, 202,
235, 443]. In these settings, effective use of AI predictions depends critically on
humans’ ability to account for such misalignment.

• Information asymmetry: While experimental studies typically assume that
humans and AI models have access to the same information for decision-making,
in practice humans frequently have access to complementary information [160,
171, 172, 221]. In these settings, effective use of AI predictions depends criti-
cally on humans’ ability to make use of decision-relevant information to which
they have unique access.

Although target-construct mismatch and information asymmetry are often discussed
in studies of real-world AI-assisted decision-making, their implications for human-
AI interaction design remain underexplored. It is an open question how people can
best be supported in learning to make AI-assisted decisions in complex, real-world
contexts.

In this paper, we explore these questions in a complex, real-world domain in-
volving both properties described above: AI-assisted child maltreatment screening.
The use of AI-based decision support tools in child welfare is rapidly spreading [354,
361]. Given significant target-construct mismatch and information asymmetry, it is
not advisable in this context to train humans to make decisions that perfectly align
with the imperfect proxy used by the AI model [62, 95, 221]. For the same reason,
it is unclear how to apply existing measures of “appropriate reliance” on AI predic-
tions in this context, given that these typically assume that alignment with model’s
target is the goal. To address this gap, we define the notion of critical use—that is,
humans’ ability to situate AI predictions against potentially complementary knowl-
edge uniquely available to them (but not the AI model).

Adopting critical use as a lens, we conducted a within-subjects, randomized con-
trolled experiment to investigate what and how people learn through practice and
feedback on decision-making, in the context of AI-assisted child maltreatment screen-
ing. We designed training activities that simulate the actual tasks workers face in
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a real-world deployment context—Allegheny County’s use of the Allegheny Fam-
ily Screening Tool (AFST) [74, 119, 221]—but provide participants with accelerated
opportunities to practice making AI-assisted decisions, low-stakes setting.

To inform our study design and analysis, we drew upon an extensive body of
findings from prior field studies in the AFST context, examining how experienced
workers make AI-assisted decisions in this setting [62, 65, 73, 95, 221]. Prior liter-
ature indicates that experienced workers in this context use the AFST’s predictions
in sophisticated ways, which improve decision-making. For example, quantitative
analyses of workers’ decision-making over a multi-year period found that, when
workers exercised their discretion to disagree with model predictions on a case-by-
case basis, this has the aggregate effect of reducing errors and racial disparities in
decision-making, compared with what would have happened had they uncritically
agreed with the model’s predictions [62, 95]. In line with our definition of critical use,
field observations revealed that workers drew upon their knowledge of information
unavailable to the AFST (e.g., relevant context from qualitative case narratives) to
calibrate their reliance upon the model’s predictions in each case [221]. To support
analysis of study participants’ learning, we leveraged our knowledge of experienced
workers’ AI-assisted decision-making practices to define indicators of critical use in
this domain.

Overall, our analyses suggest that our training activities promoted more critical
use of AI predictions. In earlier practice opportunities, participants in both condi-
tions started off relying on AI model predictions more heavily. They did so even
on cases for which the model erred with respect to the proxy it was trained on.
However, with increased practice, participants learned to disagree with the AI pre-
dictions more often. In particular, participants learned to make decisions that were
more accurate with respect to the decision-making of actual experienced workers.
The training also improved participants’ ability to predict the AI model’s behavior.
Interestingly, participants who received practice alone saw greater improvements in
their ability to predict model behavior, compared to participants who also received
explicit feedback alongside practice. Moreover, providing explicit feedback did not
impact their learning with respect to decision-making, compared with the effects of
repeated practice alone. Our analyses indicate that participants used the qualitative
case narratives as a powerful form of implicit feedback on the reliability of individ-
ual AI predictions, through which participants learned to calibrate their reliance on
the AI system. This suggest that, beyond exploring mechanisms for explicit feed-
back on human- and AI-based decisions, future work on training for AI-assisted
decision-making should explore the design of rich, implicit feedback mechanisms
that empower learners to cross-check AI predictions against concrete, qualitative
representations [cf. 394]. More broadly, our findings open up a space of new op-
portunities and open questions for the design of effective training materials and
evaluation metrics for AI-assisted decision-making.

This paper makes the following contributions:

• We introduce the concept of critical use, which can be applied to AI-assisted
decision-making settings where traditional measures of “appropriate reliance,”
based on available ground truth labels, are likely to be unreliable. As a learn-
ing goal, critical use is applicable to a range of real-world contexts that involve
target-construct mismatch and information asymmetry (e.g., healthcare, crim-
inal justice, content moderation, and education). We explore how critical use
can be measured via a case study in the child maltreatment screening context.
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FIGURE 5.1: A high-level overview of the study design. The study
included five phases: Onboarding, Pre-Assessment, Training, Post-
Assessment, and Post Questions. In the Training phase, participants
were randomly assigned between-subjects to the Practice or the Prac-

tice + Explicit Feedback case.

• We present the first experimental investigation in the literature of what and
how humans learn through practice and feedback in settings where human
knowledge complements that of an AI model (through target-construct mis-
match and information asymmetry). Through our analyses, we investigate
how critical use can be supported through training.

• Based on our findings, we highlight new opportunities and open questions
for the design of effective training materials and learning measures in real-
world AI-assisted decision-making settings.

5.2 Background and Research Questions

In this section, we first briefly overview prior literature on training for AI-assisted
decision-making, and then discuss key opportunities to foster human-AI comple-
mentarity that are under-explored within this literature. Finally, we motivate and
present our research questions.

5.2.1 Training for AI-Assisted Decision-Making

Recent years have seen the rapid adoption of AI-based decision support (ADS) tools
to assist human decision-making in settings like social services, education, health-
care, and criminal justice [23, 74, 261, 467]. Despite rapid growth in adoption,
frontline professionals are often asked to use these tools day-to-day without ade-
quate training. Even in high-stakes contexts, where AI-assisted decisions have the
potential to change the trajectory of individuals’ lives, the implementation of train-
ing approaches has severely lagged behind investments in model development [55,
56, 221, 359]. This lag has also been recognized in recent regulatory and policy ef-
forts, for example, through government directives requiring employee training on
AI-based decision-making tools [370].

To address this gap, an emerging line of research in HCI and CSCW has begun
to explore the design of onboarding and training interventions to support humans
in learning to work effectively with ADS tools. For example, Cai et. al. conducted a
qualitative study with pathologists to identify their needs and desires for onboard-
ing to human-AI collaborative decision-making. Other research has begun to in-
vestigate the effectiveness of different training approaches via online experiments.
For example, Monzannar et. al. introduced an exemplar-based interactive train-
ing approach to hone human decision-makers’ mental models of a question answer-
ing model’s strengths and weaknesses, and explored strategies for selecting training
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examples that could help humans learn an AI model’s error boundaries most effi-
ciently [295]. Lai et. al. explored model-based tutorials as an intervention to improve
humans’ abilities to understand patterns of model behavior, using a case study in de-
ceptive hotel review detections [251]. Overall, this line of work has shown promising
early results, suggesting that the proposed training approaches can support human
decision-makers in learning to make more accurate AI-assisted decisions.

However, prior studies on training for AI-assisted decision-making have focused
on relatively well-defined decision tasks. In the next section, we discuss properties
of real-world AI-assisted decision-making that have potential to support human-
AI complementarity, but which are not typically represented in experimental study
designs.

5.2.2 Potential Sources of Human-AI Complementarity in Decision-Making

While there is an expectation that both human and AI-based judgements are imper-
fect, there is hope that careful integrations of the two can improve decision-making
by drawing upon the complementary strengths of each [20, 104, 180, 221, 451, 470].
Prior literature on measurement in AI-assisted decision-making [149, 235, 338] has
articulated several properties of real-world decision-making tasks that can support
to human-AI complementarity in practice. In this paper we focus closely on two of
these::

• Target-construct mismatch: In many real-world deployment settings, AI mod-
els are trained to predict imperfect proxies for the true construct of interest to
decision-makers [80, 149, 202, 235, 443]. For example, in healthcare, a widely-
deployed ADS tool was trained to predict medical costs as a proxy for clinicians’
actual decision-making goal of assessing patients’ medical need [297]. However,
an analysis found that medical cost is a systematically worse proxy for medi-
cal need among certain demographic groups—for instance, hospitals may have
historically turned patients away from care due to a lack of insurance or other
discriminatory factors [311].

• Information asymmetry: In real-world settings, humans and AI models fre-
quently have access to complementary sources of information [171, 221, 235].
For example, clinicians make decisions about medical resource allocation across
high-risk patients by drawing upon a patient’s physical presentation, subjec-
tive assessments of their well-being, and real-time test results—information
that may be unobservable to an AI model [296]. .

Beyond the healthcare examples provided above, these two properties are ob-
served across a wide range of other real-world AI-assisted decision-making settings,
including child welfare, criminal justice, online content moderation, education, lend-
ing, and hiring, to name a few. Recent field research has shown that, in some settings,
frontline professionals are aware of information asymmetries and misalignments be-
tween their own goals as human decision-makers versus the proxy outcomes that an
AI model is trained to predict. Furthermore, this awareness can shape how they cal-
ibrate their reliance on AI predictions on a case-by-case basis [e.g., 62, 168, 221].
Yet to date, most existing experimental research on AI-assisted decision-making has
constructed study environments where these properties are absent. In fact, in a re-
cent review of the literature, Guerdan et. al. [149] found that 92% of experimen-
tal studies make the assumption that no target-construct mismatch orinformation
asymmetries are present.
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Prior studies exploring ways to support humans in learning to make AI-assisted
decisions involve tasks such as identifying defective objects [19], passage-based ques-
tion answering [295], comparing nutritional content [133], or identifying deceptive
hotel reviews [251]. In each of these decision tasks, there is no information asym-
metry: the human decision-maker is only provided access to the same or a subset
of the type of information the AI model is trained on. There is also no pronounced
target-construct mismatch: the AI model used in the task is trained on a predictive
target (e.g., accuracy of AI-assisted decisions about the nutritional content of a given
meal [133], or whether an object is defective [19]) that directly corresponds to both
the AI and the human’s predictive target. Like other studies evaluating AI-assisted
decision-making [250], accuracy and learning (i.e., changes in accuracy over time) is
assessed via correspondence to this ground truth signal.

While prior work indicates that the presence of target-construct mismatch and
information asymmetries presents potential for human-AI complementarity in real-
world settings, we know little about how to help humans learn to leverage this po-
tential. In this paper, we begin to explore this opportunity space.

5.2.3 Research Questions

Domains involving human decision-making have long recognized that realistic prac-
tice and tailored feedback are key processes for learning. Literature from the learn-
ing sciences has demonstrated how practice improves performance across domains,
from academic subjects like math and psychology to complex medical procedures
and even to professionals’ abilities to navigate challenging social interactions [158,
210, 239]. In prior literature, these simple practice effects have been substantially
enhanced when supplemented with explicit feedback [111, 238, 239]. In real-world
decision-making settings such as social work, healthcare, and education, where there
is typically a long lag (on the order of months or even years) between decisions and
corresponding outcomes, such simulation-based training approaches have the po-
tential to greatly accelerate learning.

In our study, we investigate what and how people learn through repeated practice
making AI-assisted decisions in the context of child maltreatment screening. In ad-
dition, we explore the effects on participants’ learning of showing explicit feedback
on their decisions. We ask the following research questions:

1. Can repeated practice making AI-assisted screening decisions help promote
more critical use of AI predictions?

2. Does providing explicit feedback on decisions help promote critical use of AI
predictions, compared to practice alone?

5.3 Methods

To investigate our research questions, we designed and conducted a randomized
online experiment with crowd workers, social work graduate students, and social
workers.
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FIGURE 5.2: A screenshot of the AI Risk Score interface shown to
participants in the AI-assisted decision-making task. This mirrors the

actual AFST interface used by social workers.

5.3.1 Feedback Design

5.3.2 Context

We ground our investigations in the context of child maltreatment screening: a com-
plex, social decision-making context where the use of AI-based decision support
tools is rapidly spreading [74, 354, 361]. The task design and data are drawn from
a real-world ADS deployment: the Allegheny Family Screening Tool (AFST). As
one of the longest deployed and most well-known ADS tools in social services, the
AFST has influenced the design and deployment of many other AI-assisted decision-
making tools across the U.S. [354]. The Allegheny County Department of Human
Services (DHS) deployed the AFST in 2016 to assist hotline call screeners and su-
pervisors in prioritizing alleged child maltreatment cases for investigation [74]. As
is common for ADS tools deployed in complex, real-world settings, the AFST pre-
dicts readily measurable yet indirect proxies for the construct of interest to decision-
makers. Whereas frontline decision-makers focus on ensuring children’s immediate
safety, the AFST predicts a proxy outcome on a much longer time horizon: a child’s
risk of being placed into foster care within the next two years [62, 221]. The AI-assisted
child maltreatment context also involves information asymmetries: prior field stud-
ies find that frontline workers’ decisions are informed by rich, qualitative informa-
tion about a given case (e.g., reported allegations), which is unavailable to the ADS
model [221, 363].

In their day-to-day work, call screeners and supervisors at Allegheny County are
asked to use the AFST, which outputs a risk score on a scale from 1 (low risk of place-
ment) to 20 (high risk of placement). Our study activities are designed to simulate
the actual decision process that call screeners complete. The AI-assisted decision-
making task at Allegheny County begins once the call screener receives a call (e.g.,
from a teacher or neighbor) reporting alleged child maltreatment. The call screener
takes notes on the call, and then uses an online data system to collect relevant admin-
istrative records on the family being reported. Finally, these administrative records
are usedto generate the AFST score. Using information from the allegations, admin-
istrative records, and the AFST score, the call screener then makes a recommendation
about whether or not to screen in the family for investigation. Then, the supervisor
makes the final screening decision, informed by the recommendation from the call
screener, administrative records, and the AFST score. We describe how our study
simulates this task in the next subsections.
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5.3.3 Study Design and Materials

To investigate our research questions, we conducted an online experiment with a
total of 354 participants, using a pretest-postest experimental design. An overview
of our study design is shown in Figure 5.1. Following a brief onboarding to the
study, participants first completed a brief pre-assessment, which provided a base-
line assessment of their knowledge and decision-making prior to our experimental
intervention. Participants then proceeded to a training phase, during which they
were randomly assigned to practice making AI-assisted decisions either with or with-
out explicit feedback. Finally, participants completed a post-assessment, which was
structurally identical to the pre-assessment, but presented participants with new,
unique cases. At the end of the post-assessment, participants were asked a small
set of post-study questions aimed at understanding their backgrounds. The IQR for
study completion time is [48 minutes, 1 hour 25 minutes] with a median of 1 hour 4
minutes.

In the training phase, participants practiced making AI-assisted decisions on a
series of 16 practice cases, presented in random order. Participants were randomly
assigned between-subjects to one of two conditions: Practice or Practice + Explicit
Feedback. As described in the subsections below, for each of the 16 cases shown in
the Training phase, participants in the Practice condition were asked to review the
allegations, administrative records, and the AI model’s risk score, and then make a
screening decision. Participants in this condition were shown the next case immedi-
ately after inputting their decision. By contrast, after making a screening decision,
participants in the Practice + Explicit Feedback condition were presented with imme-
diate feedback on their decision. After seeing the feedback, participants were then
asked to indicate whether they would have made the same decision, “knowing what
you know now”, or whether they would change their decision based on the feedback
they saw.

The pre- and post-assessments were designed to assess both (a) how partici-
pants make child maltreatment screening decisions with AI assistance; and (b) par-
ticipants’ ability to predict what risk score the AI model will assign to a given case.
Assessing participants’ ability to predict AI outputs, both before and after the train-
ing phase enabled us to investigate whether repeated practice and feedback on AI-
assisted decision-making would additionally improve their ability to mentally sim-
ulate the AI model’s behavior [45, 267, 328]. Each assessment included a series of
four AI Score Prediction activities and four AI-Assisted Decision-Making activities
(which were identical to the decision-making activities presented during the training
phase). During the assessment phases of the study, participants were not shown any
explicit feedback on either their decisions or their AI score predictions, regardless of
which experimental condition they were assigned to for the training phase. In each
assessment, we counterbalanced the order in which the two types of assessment ac-
tivities were shown. For each case shown during the assessment phases, participants
were asked to elaborate (via open text) on how they made their AI-assisted decision
or AI score prediction immediately after inputting their response.

Below, we describe the designs of the two types of activities included across the
training and assessment phases.

AI-Assisted Decision-Making Activity To inform their decisions in the AI-assisted
decision-making activity, participants were presented with both a referral vignette
and an AI prediction. For each case, the AI prediction and content in the referral
vignette was drawn and adapted from case notes on actual cases for which past
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FIGURE 5.3: A screenshot of the Case Overview information panel
that provides an overview of the alleged child maltreatment case
and a text box with the allegations as a qualitative description. The
case content, including the allegations, are taken from real histor-
ical data recording past experienced workers’ AI-assisted decision-

making tasks.

FIGURE 5.4: A screenshot of the Case Details information panel that
provides public records and past referral information on the indi-
viduals in the alleged child maltreatment case. The content is taken
from the same historical case information used to populate the Case

Overview and AI Risk Score.
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FIGURE 5.5: A screenshot of the question that participants are asked
in the AI-assisted decision-making activity (left) and AI score pre-
diction activity (right). To inform this decision, participants also
see information from the Case Overview, Case Details, and (for the

decision-making task only) the AI prediction.

workers subsequently made AI-assisted decisions, in the Allegheny County context.
The referral vignette first shows a Case Overview which includes qualitative al-
legations. The child maltreatment allegations were typed by experienced workers
based on calls they received (e.g., from a neighbor or a teacher). For each allegation
drawn from the historical dataset, we removed any potentially identifying informa-
tion (e.g., details pertaining to specific regions or households), while still preserv-
ing high-level properties of the allegations, as this information could be relevant
to the interpretation of other case-related information, including the AI prediction.
Figure 5.3 shows a screenshot of a Case Overview section for a sample referral vi-
gnette. Next, we showed Case Details (Figure 5.4) including demographic informa-
tion, child welfare history, and public services and health history of the alleged child
victim, parent(s), and alleged perpetrator(s). For the purposes of our experiment, we
opted to show a smaller subset of demographic information than actual workers are
able to access in practice, both to exclude potentially identifying information and to
ensure that participants would have sufficient time to look through the information
(cf. [63]). Finally, we showed the Risk Score (Figure 5.2): the actual AFST score for
the given historical case.

The presentation order of the Case Overview, Case Details, and Risk Score was
designed to reflect the actual order in which social workers encounter each informa-
tion source in the AFST deployment context, when reviewing a case. We designed
the training interface to gradually reveal this information, requiring participants to
click ahead in order to reveal the next information source.

AI Score Prediction Activity In the AI Score Prediction activity, participants were
similarly shown referral vignettes (including the Case Overview and Case Details)
that replicated the decision-making tasks of actual social workers using an ADS.
However, rather than showing the AI Risk Score, participants were asked to make
their own prediction on the AI output on a scale of 1 to 20. Figure 5.5 (right) includes
a screenshot of the question participants were asked after seeing the referral vignette.

Participants in the Practice + Explicit Feedback condition received immediate feed-
back on their decisions during the study’s training phase. Given that we do not
typically have access to a single, reliable “ground truth” label in the context of child
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maltreatment screening, as discussed above, we explore the learning effects of pro-
viding participants with multiple feedback signals in two primary forms: observed
outcomes and historical human decisions (Figure 5.6). By showing multiple, imper-
fect “ground truths,” we provide the human decision-maker with opportunities to
reflect on disagreements amongst the ground truths and their own initial decisions,
to learn how to more appropriately calibrate reliance on the ADS model over time.

Feedback in the form of observed outcomes that were available in the historical
administrative dataset, included the following. For each, we briefly summarize its
limitations as a feedback signal:

1. Whether the child was placed within two years: In the AFST context and in
our study, this is the AI model’s predictive target. If the child was eventually
placed out of their home within two years, this may signal that the child was
maltreated and should have been screened in and subsequently investigated.
However, there are other unobservable factors unrelated to the screening deci-
sion that may have led to this outcome [80]. For example, the child’s parents
may suddenly pass away, requiring the child to be placed into foster care in
the absence of any reliable grandparents or relatives. Thus, placement in two
years is an imperfect proxy for the accuracy of the screening decision.

2. Whether the child was re-referred to the agency within two years: Similar to
(a), a range of other unobservable factors unrelated to the decision may have
led to this outcome. For example, certain stakeholders (e.g., divorced parents
doing “retaliation calls”) may feel incentivized to call the hotline and alleged
maltreatment, when in fact, the child is safe [221].

3. Whether the allegations were substantiated upon screen in: Only cases that
were historically screened in can observe this outcome. Allegations of poten-
tial child maltreatment being substantiated based upon investigation may in-
dicate that the child was indeed maltreated, and thus screening in was the
“right” decision. But, allegations, even if substantiated, may result from cul-
tural misunderstandings or implicit biases from the caller [62].

4. Whether services were offered to the family upon screen in: Only cases that
were historically screened in can observe this outcome. A family that is offered
services may indicate that the child was maltreated, and thus was offered ser-
vices that can support recovery. In this case, a decision to screen in would be
“right.” On the other hand, even if a child was not maltreated, a family may
receive services as a preventive measure to minimize risk of future maltreat-
ment.

Feedback in the form of historical human decisions included:

1. Whether the call screener’s recommendation was a screen in or screen out:
This is the call screening recommendation a past experienced social worker
made, based on the case information and AI risk score they saw.

2. Whether the call screening supervisor’s final decision was to screen in or
screen out: This is the final decision that a past experienced social worker
made, based upon a review of case information, the AI risk score, and the
call screener’s recommendation.

Taken together, this set of feedback signals captures both the accuracy of the AI
model’s predictions (with respect to the proxy outcome it is trained to predict), as
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FIGURE 5.6: A screenshot of the six imperfect proxies (screener
recommendation, supervisor decision, allegation substantiation, ser-
vices offered, re-referral, and placement) shown as feedback to partic-
ipants in the AI-assisted decision-making task in the Practice + Explicit
Feedback condition. Participants in the Practice condition were shown

the next case immediately after submitting their decision.

well as what past experienced human workers believed was the right decision after
reviewing both the case information and the AI prediction.

5.3.4 Case Selection

The cases shown in the training and assessment activities are informed by the his-
torical administrative records of referrals at Allegheny County between June and
December of 2019. In this section, we describe how cases sampled and distributed
across phases of the study.

Case Categorization

We developed four high-level case categories (and eight sub-categories) to support
the systematic sampling of historical cases for use in our study. Our taxonomy for
selecting cases consists of the following alignment-measures:

• Worker-AFST alignment: Cases where the worker agreed with the AFST de-
cision1 (i.e., both state screen in or screen out).

• Worker-outcome alignment: Cases where the worker’s assessment aligns with
the observed outcome (i.e., screen in & placed or screen out & not placed).

• AFST-outcome alignment: Cases where the AFST’s assessment aligns with the
observed outcome.

To guide the sampling of cases, we then constructed a 2x2 confusion matrix
breaking down the three alignment measures into four categories as shown in Fig-
ure 5.7.

Case Sampling and Randomization

We randomly sampled cases from historical referral data according to our case cat-
egorization. We drew 6 cases from each of the 8 sub-categories, yielding a total of

1We designate cases with an AFST score ≥ 15 as “screen in” and cases with an AFST score < 15
as “screen out”. This screen-in threshold aligns with the high risk cutoff shown to call screeners on
the AFST tool interface [436]. Use of this threshold also follows prior analyses of automated AFST
decisions [62]
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FIGURE 5.7: A 2x2 confusion matrix breaking down the three align-
ment measures into four high-level categories.

48 cases. Cases were sampled with equal weighting across categories to enable us
to study learning effects relative to historical worker and algorithm behavior. Cases
within each category were then randomly assigned across the pre-assessment, train-
ing, and post-assessment phases of the study. Across participants, cases were as-
signed to the same study phase (i.e., pre-assessment, training, or post-assessment)
to enable item-level analyses, but were presented in randomized order within each
phase.

5.3.5 Participants and Recruitment

We recruited a total of 354 participants through the crowdsourcing platform Prolific,
social media, and direct email. To explore potential impacts of domain expertise, we
sought to include participants with domain knowledge in social work in our par-
ticipant pool. First, we reached out via email to social work professors at US-based
universities and directors of US-based social work non-profits, and asked them to
share our study invitation with social work graduate students and/or practicing so-
cial workers in their networks. Second, we advertised the study on relevant social
work and child welfare groups such as “Social Work Network” and “Child Welfare,
Child Protection and SACWIS/CCWIS Technology Professionals.” Finally, we used
Prolific to recruit both participants with and without social work backgrounds. To
recruit Prolific participants with background in social work, we restricted partici-
pation for the study to workers who had completed an undergraduate or graduate
(MA/MSc/MPhil) degree in social work. On Prolific, we further restricted partici-
pation to workers with a minimum approval rate of 90%. Participants were compen-
sated $13 for completing the study. Participants who also had social work domain
expertise were compensated an additional $7 for a total of $20.

All participants were based in the U.S. and were above 18 years of age. Of our 354
participants, 103 participants had domain expertise in social work (i.e., the partici-
pant indicated they are currently or were previously a social work graduate student
or a practicing social worker). Importantly, only 5 of these 103 participants with so-
cial work domain expertise indicated that they have expertise in child welfare specif-
ically, and only 12 participants with social work domain expertise indicated they had
prior experience using an AI tool to assist their decisions. However, overall, the 103
participants that have domain expertise in social work may still have more relevant
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domain knowledge for the training tasks than the general population of workers we
recruited from Prolific. We further discuss implications of our recruitment criteria
on the interpretation of our findings in the Discussion (Section 5.5.3).

The study included two comprehension checks and two attention checks that
were used to exclude participants from the final dataset. The design of the compre-
hension and attention checks followed Prolific’s policies 2. Participants who failed
to answer at least one of the comprehension checks were navigated to the end of the
study. Participants who failed at least one of the attention checks were excluded
from the final dataset.

5.3.6 Measurement and Analysis

Drawing upon findings from prior field studies [e.g., 62, 221], we defined a set of
indicators of critical use in the context of AI-assisted child maltreatment screening,
overviewed below.

Decision alignment measures To quantitatively study changes in participants’ decision-
making, we defined two decision alignment measures, covering both the “human”
and the “AI” portion of the past recorded AI-assisted decisions used in our study.
Because our experiment uses real, historical data (as described in Section 5.3.4), this
enables us to explore how participants’ decisions compare to past decisions made by
workers experienced in AFST-assisted decision-making. The first of our measures
captures agreement with the AI model, while the other captures agreement with ex-
perienced workers:

• Model Agreement: We say there are increases in Model Agreement if partici-
pants come to agree with the AI prediction more often.

• Worker-based Accuracy: We say there are increases in Worker-based Accuracy
if participants’ decisions come to agree with past experienced workers’ deci-
sions more often.

Our main analysis examines participants’ learning between the pre- and post-
assessments with respect to each of these two measures. In particular, we examined
interactions between the assessment phase (Zphase, a binary indicator with pretest
= 0 and posttest = 1) and both participants’ prior domain knowledge (Zprior) and
the presence of explicit feedback during training (Z f eedback). We also included the
participant ID epid as a random effect, to account for the nesting of responses within
participants:

Ŷm ∼ 1 + Zphase ∗ (Zprior + Z f eedback) + epid (5.1)

We supplemented our pre-post analyses with analyses of participants’ learning
across the entire study. In particular, we fit mixed effects models to examine interac-
tions between the practice opportunity number Znum (ranging from 1 - 24) and the
presence of explicit feedback Z f eedback (a binary indicator). To analyze differences
across case categories, we additionally examined interactions between the case type
and the practice opportunity number. As described in Section 5.3.4, each case cate-
gory applied to 50% of the 24 total cases, making it possible to run these analyses on
balanced amounts of data.

2https://researcher-help.prolific.co/hc/en-gb/articles/360009223553-Prolific-s-
Attention-and-Comprehension-Check-Policy

https://researcher-help.prolific.co/hc/en-gb/articles/360009223553-Prolific-s-Attention-and-Comprehension-Check-Policy
https://researcher-help.prolific.co/hc/en-gb/articles/360009223553-Prolific-s-Attention-and-Comprehension-Check-Policy
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Process-oriented measures To study process-oriented aspects of critical use, in addi-
tion to analyzing our decision alignment measures we used Equation 5.1 to examine
pre-post changes in participants’ ability to mentally simulate and predict what the
AI score would be in particular cases. Participants’ mean squared error on the AI
Score Prediction activity is shown as “Guessing Error” in Table 5.1). We also qualita-
tively analyzed (1) participants’ open text explanations for how they made their de-
cisions in the pre- and post-assessments, and (2) their self-reported decision-making
goals, collected at the end of the study.

Standard accuracy measure: Proxy-based accuracy

The standard measure that is used in existing research literature to measure appro-
priate reliance is accuracy with respect to the model’s predictive target [149], which we
call Proxy-based Accuracy. We say there are increases in Proxy-based Accuracy if
participants’ decisions become more accurate with respect to the model’s predictive
target. For a given case, a decision is accurate with respect to the model’s predic-
tive target if the participant either screened in a case that resulted in out-of-home
placement in two years or screened out a case that did not result in out-of-home
placement in two years.

5.3.7 Positionality

Collectively, the authors hold research expertise across human-computer interac-
tion, learning sciences, statistics, machine learning, computer-supported coopera-
tive work, and critical computing studies. The lead author and co-senior authors
have research experience observing and designing interventions with child welfare
workers who use AI-assisted decision-making tools in their daily work. The study
design in this paper reflects both knowledge from published research literature and
the authors’ knowledge gained through field studies. None of the authors are affil-
iated with a child welfare agency; all research was conducted independent of any
particular child welfare agency.

Importantly, we explore training towards critical use in this paper because we
believe doing so is crucial in many settings where AI systems are deployed. As
we have argued above, AI performance in complex, real-world settings is bound to
be imperfect, and some limitations are to be expected—including some degree of
target-construct mismatch and limitations in the information a model is able to ac-
cess or interpret. Training towards critical use may mitigate downstream negative
impacts of AI model limitations. However, we advise such training only in settings
where the deployment of an AI-based decision support tool is actually justifiable in
the first place. Training alone cannot overcome fundamental design flaws in the AI
model or surrounding social systems. While we examine AI-assisted child maltreat-
ment screening as an example of a highly complex social decision-making setting
in this study, we note that existing AI deployments in this domain have seen many
fundamental design critiques, including prior research by members of our team [62,
80, 119, 221, 222, 363, 443].

5.4 Results

Overall, we found that participants in both conditions started off relying on AI
model predictions more heavily in earlier practice opportunities. Early on, partic-
ipants aligned their decisions with the AI model prediction even on cases for which
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Indicators of Critical Use
Standard

Metric

Model 1 Model 2 Model 3 Model 4
Model

Agreement
Worker-Based

Accuracy
Guessing

Error
Proxy-Based

Accuracy
Fixed Effects
(Intercept) 0.65∗∗∗ (0.02) 0.50∗∗∗ (0.02) 6.13∗∗∗ (0.17) 0.73∗∗∗ (0.02)
Phase (post vs pre) -0.41∗∗∗ (0.03) 0.08∗∗ (0.03) -3.03∗∗∗ (0.22) -0.16∗∗∗ (0.03)
Prior knowledge 0.00 (0.03) -0.03 (0.03) 0.08 (0.25) -0.02 (0.03)
Feedback 0.04 (0.02) -0.03 (0.03) -0.26 (0.22) -0.03 (0.03)
Prior knowledge × Phase 0.02 (0.04) 0.02 (0.04) 0.42 (0.31) 0.01 (0.04)
Feedback × Phase 0.03 (0.03) 0.07 (0.04) 0.61∗ (0.28) 0.05 (0.04)

Observations 2832 2832 2832 2832
Marginal R2 0.153 0.019 0.017 0.105
∗∗∗p < 0.001; ∗∗p < 0.01; ∗p < 0.05

TABLE 5.1: Coefficient estimates for models examining pre-post
learning effects. Each cell shows the coefficient estimate followed by
the standard error for a given term (rows) and model (columns). A
positive Phase coefficient indicates an increase in the measure in the
post-assessment as compared to the pre-assessment baseline. A vi-

sual summary of these findings is reported in Table 5.2.

the model failed to accurately predict the proxy on which it was trained. However,
with more practice, participants in both conditions were more likely to make deci-
sions that disagreed with the AI prediction.

Strikingly, we found that participants learned to disagree with AI predictions
more often, in ways that aligned more with past frontline workers’ decisions, even
in the Practice condition, where participants did not receive any explicit feedback
about past frontline workers’ decisions. An examination of participants’ open-text
feedback suggests that this occurred because participants learned through practice
to integrate case-specific, qualitative details from the allegations when making their
decisions, with a focus on assessing nearer-term risks to the child’s safety (in con-
trast to the AI model’s focus on predicting a proxy outcome, placement, on a longer
time window). Past research suggests that this mirrors the way experienced work-
ers make decisions in the field [62, 221]. In turn, participants’ decisions began to
diverge from model predictions and resembled those of past experienced workers,
with increased practice (Section 5.4.4).

Through repeated practice making AI-assisted decisions during the training phase,
participants in both conditions learned to more accurately predict how the AI model
would behave on particular cases. Compared to participants who received both
practice and explicit feedback on their decisions, participants who received practice
alone saw more improvement in their ability to predict the AI model’s behavior.

Moreover, receiving explicit feedback on decisions did not impact participants’
learning with respect to decision-making, compared to the effects of repeated prac-
tice alone. Our analyses suggest that the qualitative case narratives present in both
conditions are a rich information source through which participants can learn to cal-
ibrate their reliance on AI predictions. Thus, even in the absence of explicit feedback
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FIGURE 5.8: Mixed effects regression visualizing participants’ agree-
ment with the AI prediction, across the 24 training cases. Shaded
regions indicate standard error. The purple dotted line indicates av-
erage accuracy of the AI model with respect to its (proxy) predictive

target.

on decisions: a training interface that provides accelerated practice, with opportu-
nities to cross-check AI predictions against qualitative narratives, appears to be a
stronger baseline than expected.

In the following subsections, we first present findings from quantitative analyses
of participants’ learning and decision-making (Sections 4.1, 4.2, 4.3, 4.5). In Section
4.4, we present complementary findings from a qualitative examination of partic-
ipants’ decision-making processes across practice opportunities. Table 5.1 includes
aggregate outcome-based findings, and Table 5.2 provides a summary of the direc-
tionality of outcome-based findings across the two conditions.

5.4.1 Model Agreement: Participants learn to disagree with AI predic-
tions more often

• (Finding-1) Participants disagree with the AI prediction more after repeated
practice.

• (Finding-2) No effect of explicit feedback on participants’ agreement with AI
predictions.

Participants started the study by relying on the AI prediction more often, includ-
ing in cases where the past experienced worker disagreed with the AI prediction.
But over time, participants were less likely to get nudged by the AI prediction. Instead,
over time, participants began to disagree with the AI prediction more often for all
case types. As shown in Figure 5.8, in the first case, over 70% of the participants
agreed with the AI prediction. However, in the 24th case, only 42% of the partici-
pants agreed with the AI prediction. This finding was corroborated by the learning
effects regression (Table 5.1), which showed a significant decrease in Model Agree-
ment between pre- and post-assessments as indicated by the study phase coefficient
(Coef.=-0.407; p<.001; 95% CI: [-.46, -.35]).
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FIGURE 5.9: Mixed effects regression visualizing participants’ learn-
ing across repeated practice, with respect to the worker-based accu-
racy measures (i.e., accuracy with respect to past experienced work-

ers).

5.4.2 Worker-based Accuracy: Participants become more aligned with ex-
perienced workers

• (Finding-3) Participants’ decisions become more accurate with respect to ex-
perienced workers’ decisions after repeated practice.

• (Finding-4) No effect of explicit feedback on the accuracy of participants’
decisions with respect to experienced workers’ decisions.

With practice, participants’ decisions began to align more with the final decisions
of past experienced workers. Overall, Figure 5.9 (middle) shows that, at the start of
the training, 52% of the participants made decisions that were accurate with respect
to the past experienced worker. By the end of the training, 61% of the participants
made decisions that were accurate with respect to the past experienced worker. This
finding is consistent with learning effects regression results, which show a signifi-
cant increase in Worker-based Accuracy scores between pre- and post-assessments
(Coef.=0.083; p<.01; 95% CI: [0.027, 0.140]).

With increased practice, participants’ decisions were especially likely to be ac-
curate with respect to the past experienced worker when disagreeing with the AI
prediction. As shown in Figure 5.9, for the category of cases in which the past expe-
rienced worker disagreed with the AI prediction (right), for the first case, only 30%
of participants made decisions that were accurate with respect to the past experi-
enced worker and in disagreement with the AI prediction. By the 24th case, nearly
70% of participants made decisions that were accurate with respect to the past expe-
rienced worker and in disagreement with the AI prediction. On the other hand, for
the category of cases in which the past experienced worker agreed with the AI pre-
diction, at the start of the training, nearly 75% of participants made decisions that
were accurate with respect to the past experienced worker. By the 24th case, this
proportion went down to just over 50% of participants.

Additionally, participants’ decisions became more accurate with respect to the
past experienced worker regardless of whether those past experienced workers
made decisions that were inaccurate or accurate with respect to the model’s pre-
dictive target, an accuracy-based measure that is widely used in prior studies eval-
uating the accuracy of AI-assisted decision-making with this AI model, the AFST
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Indicators of Critical Use Standard
Metric

Model 1
Model
Agreement

Model 2
Worker-
Based
Accuracy

Model 3
Guessing
Error

Model 4
Proxy-
Based
Accuracy

Practice Condition ↓ ↑ ↓ ↓ ↓

Practice + Explicit
Feedback Condition

↓ ↑ ↓ ↓

TABLE 5.2: Visual summary of model findings reported in Table 5.1.
Upwards arrow (rose-colored cell) indicates increases in the measure
value after the training. Downwards arrow (blue cell) indicates de-
creases in the measure value after the training, and two downwards
arrows (darker blue cell) indicates greater decreases in the measure
value in the repeated practice condition compared to when explicit

feedback was shown alongside repeated practice.

(e.g., in [62, 95]). As shown in Figure 5.9, for cases in which the past experienced
worker was inaccurate with respect to the model’s predictive target (left), around
60% of participants at both the start and end of the training made decisions that
were accurate with respect to the past experienced worker. However, for cases in
which the past experienced worker was accurate with respect to the model’s pre-
dictive target, only around 40% of participants made decisions that were accurate
with respect to the past experienced worker in the first case. Yet, by the 24th case,
this number increased to around 60% of cases, erasing any differences in decision
behavior for cases in which past experienced workers were accurate versus inaccu-
rate with respect to the model’s predictive target. As shown in Table 5.1, explicit
feedback did not have a significant effect on Worker-based Accuracy.

5.4.3 Guessing Error: Participants learn to make improved predictions of
the AI model’s behavior

• (Finding-5) Participants improved in their ability to predict the AI model’s
behavior after repeated practice making AI-assisted decisions.

• (Finding-6) Explicit feedback led to lesser improvement in participants’ abil-
ity to predict the AI model’s behavior, compared to practice alone.

While disagreeing with the AI prediction more often with time, participants were
simultaneously getting better at guessing what the AI prediction would be on a given
case. Participants who received practice alone, compared to those who addition-
ally received feedback on their decisions, saw somewhat more improvement in their
guessing performance. As shown in Table 5.1, there was a significant decrease in
guess mean squared error in the post-assessment as compared to the pre-assessment
(Coef.=-3.03; p<.001; 95% CI: [-3.45, -2.60]). Additionally, participants assigned to
the Practice condition saw a greater improvement in their guessing performance as
compared to participants in the Practice + Explicit Feedback condition (Coef.=0.608;
p<.05; 95% CI: [0.05, 1.15]). Overall, this result indicates that, despite disagree-
ing with predictions, participants in both conditions were actively engaging with
the learning activity and improving their skills at mentally simulating the behavior
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of the model. However, participants who did not receive explicit feedback on their
AI-assisted decisions improved these skills more. As we discuss in Section 5.5.2, it is
possible that, compared to the explicit feedback, the information reported in the case
(including the qualitative case narratives) served as a more powerful signal through
which to learn how the AI model behaves on different cases, compared to the ex-
plicit feedback signals provided. It is possible that the Practice condition saw greater
improvement because explicit feedback on AI decisions distracted participants from
learning to predict model behavior based on qualitative narratives.

5.4.4 Process Analyses: Participants learn to make decisions more like
experienced workers

To understand participants’ decision-making process, we qualitatively examined
their open text responses. These included (1) participants responses in each of the
pre- and post-assessments, where they explained how they made their AI-assisted
decisions and (2) participants’ explanations at the end of the study, describing what
goals guided their decisions.

• (Finding-7) Participants’ explanations for their decisions reference their use
of model unobservables to help them make AI-assisted decisions.

• (Finding-8) Participants’ explanations of their decision-making goals indi-
cate they target ensuring immediate safety to the child when making AI-
assisted decisions.

Informing decisions using qualitative case narratives.

An examination of participants’ explanations of how they made their AI-assisted
decisions in the pre-assessment and post-assessment phases of the study provide
evidence of how they relied on the qualitative case narratives to inform their de-
cisions. Much like how actual experienced social workers used AI-based decision
support tools in their day-to-day jobs, participants drew on context-specific details
from the allegations to inform their decisions. For example, participants sometimes
drew on their interpretations of the qualitative case narratives, to inform decisions
to disagree with the AI prediction. When explaining their decision to screen out a
case with an AI prediction of 16, one participant described: “Despite the high risk
score[,] I do not see evidence of maltreatment based on the details. The parent was
angry at a third party and may have roughly grabbed the child but that does not rise
to maltreatment unless it can be proven that there is a pattern of rough handling.”

Similarly, another participant considered missing information in the allegation
(e.g., about intentions and causes) to appropriately weigh the severity of the re-
ported allegation, in comparison to the AI prediction: “Although the risk score is 12,
the child appears to be physically healthy and has a positive mood. There are many
reasons a knife could be in a bedroom, and it is possible the kid’s struggles socially
and academically could be caused by a learning disability.” In another case, a par-
ticipant explained a decision to screen in a case, despite a low AI prediction, given
allegations reporting violent behavior: “Risk score appears too low for this case.
Multiple examples of violence brought on by behavioral problems of the mother in
the home, as well as child acting out at school, all meet definition of legal maltreat-
ment.”

In other cases, participants referenced the allegations to gain more insight into
the child’s current living situation, and whether there are signals indicating there
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may be an upwards or downwards trend for improvement. For example, in ex-
plaining their decision to screen out a case, the participant described how a family
appears to be on a path towards recovering from past challenges: “The mother has
a support system in place. She has the grandmother, and is receiving public ben-
efits/services. Her treatment team reports that she should be able to fully recover
and care for her child. And the child is currently clean and well cared for. ” In an-
other case, a participant noted the lack of support and resources that the child cur-
rently has, alongside the history of substantiated referrals, to inform their decision to
screen in a case: “The fact that the child is not taking her prescribed medication, not
receiving counseling for her mental condition, and at risk of homelessness demon-
strates that the child is in severe risk of physical and emotional harm. Moreover, the
substantiation of past referrals lends further credibility and urgency to the current
one.”

Overall, participants did not mention the AI prediction as often when explaining
their decisions. In particular, participants mentioned using a “score” (i.e., the "AI
Risk Score” shown in the case referral) in 8.72% of the explanations (for 247 out of
2832 total cases). Explanations considering information from a “score” decreased
after the Training Activity Phase, corroborating findings that participants relied on
the AI prediction less with increased practice. In the pre-assessment Phase (cases 1 -
4), participants considered the “score” for 194 cases (79% of the 247 mentions). In the
post-assessment Phase (cases 21 - 24), the frequency dropped to only 57 cases (21%
of 247 mentions). In many of these cases, participants referenced the score as one of
multiple information sources they drew on to explain their decision (e.g., “The Risk
score is a 20, there is commotion and drug use within the family.”). However, in 17
of the 57 cases that mentioned a “score” in the post-assessment Phase, participants
were describing why they were disagreeing with it (e.g., “even if the risk score is
fairly low, the situation doesn’t seem to be very under control and could break any
moment”). The 247 mentions of a “score” across the pre- and post-assessments were
from 112 total participants, split roughly evenly across the Practice and Practice +
Explicit Feedback conditions.

Making decisions with the goal of ensuring immediate safety.

Beyond leveraging their unique ability to access and integrate context-specific in-
formation when making decisions, the goals that participants had when making
decisions may also explain the learning effects. In particular, it is possible that par-
ticipants learned to disagree with the AI prediction, while learning to make deci-
sions like past experienced workers, partly because their own decision-making goals
aligned more strongly with those of the past experienced workers. At the end of the
experiment, participants were asked to describe their own goals when making child
maltreatment screening decisions. Many participants described the importance of
considering near-term safety risks or harms to the child, which is misaligned with
the longer-term outcomes that the AI model is trained to predict. Both participants
with and without domain knowledge in social work described goals related to “im-
mediate safety and harm,” aligning with the goals documented of the actual past ex-
perienced social workers in this domain. For example, one social worker described:
“I am looking for immediate safety concerns first. Then making sure physical needs
are being met. If either of these are a concern, it is an immediate screen in.” Another
social work graduate student described the importance of “current” evidence: “I as-
sess first for evidence of maltreatment or harm currently going on in the home and
then consider if additional investigation is necessary to rule out possible abuse or
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FIGURE 5.10: Participants’ Proxy-based Accuracy measures against
the baseline accuracy of the model (in purple).

neglect, I then consider if there is enough "probable cause" to truly investigate this
further.” A participant without social work domain expertise similarly described:
“My goals were whether or not there would be any immediate danger posed to the
child either through their environment or by their parents.”

[t]

5.4.5 Proxy-based Accuracy: Participants become less aligned on the model’s
targeted proxy

• (Finding-9) Participants’ decisions become less accurate with respect to the
proxy outcome targeted by the AI model after repeated practice.

• (Finding-10) No effect of explicit feedback on the accuracy of participants’
decisions with respect to the proxy targeted by the AI model.

Participants gradually began to disagree with the AI prediction regardless of
whether the AI was inaccurate or accurate with respect to the model’s predictive
target. As shown in Figure 5.8, for the first case in which the AI was accurate with
respect to the model’s predictive target, 80% of participants agreed with the AI pre-
diction. For the first case in which the AI was inaccurate with respect to the model’s
predictive target, 60% of participants agreed with the AI prediction. However, in
the 24th case, only 40% of participants agreed with the AI prediction, regardless of
whether the AI prediction was accurate or inaccurate with respect to the model’s
predictive target.

Importantly, this gradual disagreement with the AI prediction occurred regardless
of whether the participant received feedback on their decisions. As shown in Table 5.1,
there is no feedback effect on participants’ decisions to agree or disagree with the
AI prediction over time (Coef. 0.02, p < .50, 95% CI: [-0.03, 0.09]).
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5.5 Discussion

In this paper, we define a notion of appropriate reliance called critical use, which
emphasizes human decision-makers’ ability to situate AI predictions against knowl-
edge that is uniquely available to them but unavailable to the AI model. Through an
experimental investigation of how training can support critical use of AI predictions
in making AI-assisted child maltreatment screening decisions, we explore the effects
of repeated feedback and explicit feedback on what and how participants learn. In
the following, we discuss interpretations of our results and avenues for future work.

5.5.1 Evidence of critical use from training

Our findings suggest that training improved critical use of the AI tool—humans’ abil-
ity to situate AI predictions against potentially complementary knowledge available
to them (but not the AI model). A body of prior research on AI-assisted child mal-
treatment screening has documented how social workers draw on their knowledge
of qualitative, contextual information to calibrate their reliance upon AI-based de-
cision support (e.g., [221, 359, 363]). In doing so, experienced workers can over-
come some of the challenges posed by target-construct mismatch and limitations in
the information available to AI models, mitigating erroneous AI outcomes and re-
ducing disparities in decisions [62, 95]. In our study, we found that participants
learned to calibrate their reliance upon AI predictions in ways that resembled
experienced workers. In particular, with increased practice, participants learned
to disagree more often with AI predictions (Section 5.4.1) and, in turn, came to
make decisions that aligned more with those of past workers with extensive ex-
perience making AI-assisted decisions (Section 5.4.2). Moreover, through practice
making AI-assisted decisions participants improved their ability to mentally simu-
late the AI model and predict how it would behave on specific cases (Section 5.4.3).
Our qualitative examination of participants’ explanations suggest that participants
drew upon knowledge regarding the actual decision-making goals (i.e., screening
for shorter-term safety) and interpreted qualitative narratives unavailable to the AI
model in order to inform their AI-assisted decisions (Section 5.4.4) and learn how
the AI model behaves on different kinds of cases. However, we note that future
work is needed to understand the extent to which specific downstream impacts of
target-construct mismatch and information asymmetries (e.g., systematic errors and
unfairness in decision-making) can be mitigated through training.

Analyses using a standard measure of accuracy for human-AI decision-making
would indicate that increased practice led participants to make less accurate deci-
sions, when accuracy is measured with respect to the model’s target proxy (Sec-
tion 5.4.5). Interpreting proxy-based accuracy in isolation from the rest of our anal-
yses may lead to the conclusion that participants are simply falling into patterns
of algorithm aversion [53, 102]. However, in analyzing indicators of critical use, in-
cluding both process- and outcome-oriented signals, our findings suggest that par-
ticipants disagreed with AI outputs in sophisticated ways. Indeed, in complex,
real-world decision-making settings, common outcome-focused metrics for evalu-
ating AI-assisted decisions—for example, comparing human decisions with the AI
model’s ground truth label—can provide an incomplete understanding of the qual-
ity of each decision [149, 221]. Our findings point to a compelling opportunity to
improve evaluations of AI-assisted decision-making in other complex domains, by
designing and employing context-specific measures of critical use, in addition to ex-
amining proxy-based accuracy. Moreover, to expand the set of indicators that could
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be used to measure decision-making, future work should innovate on ways to bet-
ter capture process-based signals for decision quality (e.g., [249, 285]). We further
discuss how our study findings and approach may generalize across domains in
Subsection 5.5.4.

Limitations For the purposes of our study, we selected cases where the AI tool
had an average proxy-based accuracy of (50%). This is lower than the the AFST
model’s actual accuracy with respect to its proxy. Our decision to include cases that
aggregated to 50% proxy-based accuracy of the AI tool was informed by our goal of
having a well-balanced set of examples to conduct case type-specific analyses and
of prior literature discussing the risks of over-reliance in the absence of sufficient ex-
amples of the AI model erring [320]. While we cannot rule out that this contributed
to increased disagreement with the AI tool, our findings indicate that it is not suf-
ficient to explain participants’ learning. For example, participants aligned less with
the model proxy following training even in the Practice condition, when participants
did not receive explicit feedback on the accuracy of the AFST with respect to its
targeted proxy (see [271]).

5.5.2 Why did explicit feedback on AI-assisted decisions not enhance learn-
ing?

We did not observe significant impacts of showing explicit feedback on participants’
decision-making, compared with practice alone. Furthermore, although the train-
ing improved participants’ ability to predict how the AI model would behave on a
given case, participants who received practice opportunities without explicit feed-
back saw greater improvements than those who received feedback. Taken together,
our findings suggest that when it comes to learning to make AI-assisted decisions,
the qualitative case narratives participants see and interpret (which are inaccessible
to the AI model) may have had a bigger impact than we had originally anticipated.
These narratives, which were present in both conditions, served as a rich informa-
tion source regarding the plausibility of individual AI predictions, through which
participants were able to learn to calibrate their reliance on AI predictions. Thus,
even in the absence of explicit feedback on decisions, a training interface that pro-
vides accelerated practice, with opportunities to cross-check AI predictions against
qualitative narratives—a form of implicit feedback on the reliability of individual AI
predictions—appears to be a stronger baseline condition than expected. Our find-
ings further suggest that participants who were shown explicit feedback may not
have perceived the feedback provided as useful signals of decision quality, relative
to the signals provided through the qualitative case narratives.

Prior work from the learning sciences suggests that for certain learning tasks,
providing learners with “grounded” feedback—concrete representations that offer
rich, meaningful signals about whether or not an individuals’ targeted outcome is
achieved—is more effective than simply telling learners whether a response is cor-
rect or incorrect. For example, when teaching students to perform algebraic trans-
formations, showing students a graphical representation of equations they enter can
help students immediately recognize for themselves whether an equation is likely to be
correct or incorrect[450]. Future work on training for AI-assisted decision-making
should further explore the design space of rich, grounded feedback mechanisms
that can help humans (learn to) calibrate their reliance. In particular, whereas our
study provided explicit feedback in the form of categorical outcomes and work-
ers’ final decisions, future work should explore what forms of grounded feedback
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could support more effective process-oriented learning in a given context. In com-
plex decision-making settings such as child maltreatment screening, observable out-
comes and even final decisions) are noisy signals for decision making quality [62,
222]. Therefore, rather than providing human decision-makers with outcome-based
feedback that attempt to directly “tell” a learner whether a given decision was ac-
curate, providing rich, grounded feedback may make it easier to engage learners’
sensemaking and help them assess for themselves whether and why a decision may
be right or wrong. Training that focuses on better scaffolding the decision-making
process—for example, by pairing a novice decision-maker with an expert decision-
maker to collaboratively reason about each decision—may improve critical thinking
and sensemaking processes that also allow humans to better calibrate reliance on
ADS outputs.

5.5.3 On the absence of domain expertise effects

We found that regardless of participants’ level of self-reported domain expertise in
social work, they learned to disagree with AI predictions in a manner that resembled
the disagreement patterns of experienced workers. Participants with greater self-
reported domain expertise did not disagree more with the AI prediction or make
more accurate decisions with regards to the past experienced worker, compared with
other participants.

We do not view the absence of domain expertise effects in our study as evidence
that domain expertise has zero impact on how people learn to make AI-assisted
decisions. In our study, “domain expertise” was broadly defined to include individ-
uals with domain knowledge in any area of social work, not limited to knowledge of
child welfare or experience with child maltreatment screening. Participants’ roles in-
cluded current or former social workers and social work graduate students. We had
originally hypothesized that broad knowledge in social work would influence how
and what participants learn through a training for AI-assisted child maltreatment
screening. However, given the specialized nature of this task, it is very plausible
that a tighter recruitment criterion—for example, requiring “domain expert” partic-
ipants to have prior domain knowledge in child welfare or even prior experience
with child maltreatment screening—would reveal more substantial differences be-
tween participants with more or less domain expertise. In addition, it is possible
that the specific metrics used in our analyses were unable to capture differences in
learning and decision-making between the “domain experts” in our study and other
participants. Finally, a third possibility is that general human abilities shared by
non-domain-experts (i.e., having access to and being able to interpret qualitative in-
formation, and having knowledge of broader decision goals) are sufficient on their
own to support learners in approximating experienced workers patterns of disagree-
ment with AI predictions.

We emphasize that our results do not indicate that participants learned to make
decisions as well as experienced workers during the course of our training activity.
Rather, our findings indicate that participants learned to predict how the AI model
would behave on different cases and learned to disagree with the AI in a manner
resembling experienced workers. Future work is needed to tease apart the three
potential explanations above.
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5.5.4 Generalizability of design decisions and findings

As a concept, critical use is applicable to any domain where humans and AI mod-
els have access to complementary knowledge. Critical use emphasizes that humans
can be better supported in calibrating reliance on AI-based decision-making tools,
by learning to leverage complementary knowledge they have as human decision-
makers (e.g., knowledge of additional decision-relevant features, or knowledge of
the true objectives of a decision-making task). We expect that several of the find-
ings and implications discussed above—for example, the importance of providing
learners with concrete, domain-grounded forms of feedback against which they can
cross-check AI outputs—will generalize to other domains, beyond the context stud-
ied in the current research. However, we note that the indicators of critical use that
we adopted in our study are highly specific to the child maltreatment screening con-
text. As discussed above, our choices of indicators were informed by prior empirical
research studying how experienced workers in this domain calibrate their reliance
upon AI predictions; this specific set of indicators and the interpretations adopted in
this study may not generalize well to other domains. Accordingly, our goal in this re-
search is not to make any universal recommendations on which specific, measurable
decision-making outcomes and learning indicators are “good” or “bad” across do-
mains. Rather, we emphasize that the approach of drawing upon prior knowledge
to design domain-specific training interfaces and indicators of critical use can be
generalized to inform the design of improved training materials and learning mea-
sures in other complex, real-world domains. Future work is need to explore how
our approach can be adapted to other domains, and to investigate what training de-
signs and measures of critical use are most appropriate in different decision-making
settings.
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Chapter 6

Improving AI Adoption and
Governance

This chapter is taken from the following paper:

Anna Kawakami, Amanda Coston, Haiyi Zhu, Hoda Heidari, and Kenneth Hol-
stein. “The Situate AI Guidebook: Co-Designing a Toolkit to Support Multi-Stakeholder,
Early-stage Deliberations Around Public Sector AI Proposals.” In Proceedings of the
2024 CHI Conference on Human Factors in Computing Systems.

Abstract. Public sector agencies are rapidly deploying AI systems to augment or
automate critical decisions in real-world contexts like child welfare, criminal jus-
tice, and public health. A growing body of work documents how these AI systems
often fail to improve services in practice. These failures can often be traced to de-
cisions made during the early stages of AI ideation and design, such as problem
formulation. However, today, we lack systematic processes to support effective,
early-stage decision-making about whether and under what conditions to move for-
ward with a proposed AI project. To understand how to scaffold such processes in
real-world settings, we worked with public sector agency leaders, AI developers,
frontline workers, and community advocates across four public sector agencies and
three community advocacy groups in the United States. Through an iterative co-
design process, we created the Situate AI Guidebook: a structured process centered
around a set of deliberation questions to scaffold conversations around (1) goals and
intended use for a proposed AI system, (2) societal and legal considerations, (3) data and
modeling constraints, and (4) organizational governance factors. We discuss how the
guidebook’s design is informed by participants’ challenges, needs, and desires for
improved deliberation processes. We further elaborate on implications for designing
responsible AI toolkits in collaboration with public sector agency stakeholders and
opportunities for future work to expand upon the guidebook. This design approach
can be more broadly adopted to support the co-creation of responsible AI toolkits
that scaffold key decision-making processes surrounding the use of AI in the public
sector and beyond.



168

FIGURE 6.1: We conducted co-design activities and semi-structured
interviews with public sector agency workers (agency leaders, AI
practitioners, frontline workers) and community advocates to under-
stand the questions they believed were critical to discuss yet currently
overlooked before deciding to move forward with a public sector AI
proposal. The Situate AI Guidebook synthesizes these key considera-
tions into a toolkit to scaffold early-stage deliberations around whether
and under what conditions to move forward with developing or de-

ploying a proposed public sector AI tool.

6.1 Introduction

Public sector agencies in the United States are rapidly adopting AI systems to as-
sist or automate services in settings such as child welfare, credit lending, housing
allocation, and public health. These tools have been introduced to help overcome
resource constraints and limitations in human decision-making [74, 261]. However,
as a growing body of work has documented, public sector AI tools have often failed
to produce value in practice, instead exacerbating existing problems or introduc-
ing new ones [62, 221, 303, 443]. For example, the Michigan Unemployment Insur-
ance Agency developed an AI-based fraud detection system (MiDAS); the agency
stopped using the tool after realizing it falsely flagged over 90% of its cases—a dis-
covery that was made only after the tool had been in use for over two years, impact-
ing hundreds of thousands of people along the way [21]. Similarly, following the de-
ployment of an AI-based tool for child maltreatment screening, Allegheny County’s
Department of Human Services faced significant criticism after the tool was found
to exacerbate biases against Black and disabled communities [119, 138, 163, 164].
Research indicates that these problems in deployment were a consequence of funda-
mental conflicts between the tool’s design on the one hand, and data limitations and
worker needs on the other [119, 138, 221, 222]. Many other public sector agencies
have dropped deployed AI tools for similar reasons, even after investing significant
resources into their development (e.g., [206, 355]).

Many failures in public sector AI projects can be traced back to decisions made
during the earliest problem formulation and ideation stages of AI design [80, 319,
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443, 463]. AI design concepts that make it to production may be “doomed to fail”
from the very beginning, for a variety of reasons. For example, AI design con-
cepts have often been conceived in isolation from workers’ actual decision-making
tasks and challenges, leading to AI deployments that are not actually viable in prac-
tice [178, 222, 427, 459, 463]. Similarly, teams often propose design concepts for new
tools that cannot possibly be implemented in an effective, safe, or valid way given
technical constraints, such as the availability and quality of data [80, 336, 443, 463].
However, discussion of such constraints is commonly left to later stages of the AI
lifecycle, by which point teams have invested in an idea and may be more reluctant
to explore alternative ideas [221, 463]. While agencies utilizing AI may be moti-
vated to try to mitigate issues at later project stages, such attempts are unlikely to
yield meaningful improvements if fundamental issues around the problem formu-
lation and solution design are left unaddressed [138, 222, 395, 443, 463].

In this paper, we ask: How can we support public sector agencies in decid-
ing whether or not a proposed AI tool should be developed and deployed in the
first place? Today, we lack systematic processes to help agencies make informed
choices about which AI project ideas to pursue, and which are best avoided. As
AI tools proliferate in the public sector, the failures discussed above indicate that
agencies are repeatedly missing the mark with AI innovation. While existing re-
sponsible AI toolkits have provided guidance on ways to support AI development
and implementation to ensure compliance with the relevant principles and values
(e.g., [132, 279, 291, 342]), most existing toolkits are designed for use in industry
contexts. Furthemore, most toolkits start from the assumption that the decision to
develop a particular AI tool has already been made.

To address these gaps, we introduce the Situate AI Guidebook: a toolkit to scaf-
fold early-stage deliberations around whether and under what conditions to move for-
ward with the development or deployment of a proposed public sector AI innova-
tion. To ensure that our guidebook and process design is informed by existing orga-
nizational needs, practices, and constraints in the public sector, we partnered with 32
individuals, spanning a wide range of roles, across four public sector agencies and
three community advocacy groups across the United States. Over the course of 8
months, we iteratively designed and validated the guidebook with a range of stake-
holders, including (1) public sector agency leadership, (2) AI developers, (3) front-
line workers, and (4) community advocates. The public sector agencies we partnered
with represent different levels of experience and maturity with AI development and
deployment: At the time of this research, some had just begun ideating ways to in-
tegrate AI tools into their agencies’ processes; some were already in the process of
developing new AI tools; and some had already experienced failures in AI tool de-
ployment that led to halts in their use. The community advocacy groups include
organizations that, among other areas of focus, represent and support community
members in navigating challenging interactions with public services (e.g., parents
negatively impacted by the child welfare system).

We conducted formative semi-structured interviews and iterative co-design ac-
tivities that guided the content and process design of the Situate AI Guidebook. In
particular:

• Through semi-structured interviews, we developed an understanding of pub-
lic sector agencies’ current practices and challenges around the design, devel-
opment, and evaluation of new AI tools, in order to identify opportunities for
new processes to improve current practice.
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• Through co-design activities, participants ideated and iterated upon a set of
questions that they believed were critical to consider before deciding to move
forward with the development of a proposed AI tool. In addition, they de-
scribed how they envisioned a deliberation process could be effectively struc-
tured for adoption at their agencies.

The resulting set of deliberation questions spanned a broad range of topics, from
centering community needs to surfacing potential agency biases, given their positionality—
topics which are relatively understated in existing Responsible AI toolkits devel-
oped for industry contexts. Notably, participants gravitated toward deliberation
questions that promoted reflection on potential differences in perspective among
the various stakeholders of public sector agencies (e.g., agency workers, frontline
workers, impacted community members), surrounding topics such as the problem
to be solved by an AI tool, notions of “community”, or understandings of what it
means for decision-making to be “fair” in a given context. This work presents the
following contributions:

1. The Situate AI Guidebook1 (Ver.1.0) – the first toolkit co-designed with public
sector agencies and community advocacy groups to scaffold early-stage deliber-
ations regarding whether or not to move forward with the development of a
proposed AI tool.

2. A set of 132 co-designed deliberation questions spanning four high level top-
ics, (1) goals and intended use, (2) societal and legal considerations, (3) data and mod-
eling constraints, and (4) organizational governance factors. Participants indicated
these considerations are critical to discuss when deciding to move forward with
with the development of a proposed AI tool, yet are not proactively or delib-
erately discussed today.

3. Guidance on the overall decision-making process that the Situate AI Guide-
book can be used to support, informed by how participants envisioned they
would use the guidebook in their agencies and by prior literature discussing
related challenges that threaten the practical utility of research-created arti-
facts [279, 453].

4. Success criteria for using the guidebook informed by participants’ existing
challenges, prior literature, and signals that participants themselves described
as valuable in assessments regarding the guidebook’s ability to promote mean-
ingful improvements in their agency.

In the following sections, we first overview relevant bodies of prior literature
to help ground and motivate the creation of our toolkit (Section 7.11). We then de-
scribe the approach we took to collaboratively develop the Situate AI Guidebook
(Section 7.12), and describe the guidebook’s major components, including its guid-
ing design principles (Section 6.4.1), deliberation questions (Section 6.4.2), process
design (Section 6.4.3), and success criteria (Section 6.4.4). We conclude with a dis-
cussion of anticipated challenges, as well as directions for future research aimed at
understanding how to implement such deliberation processes most effectively. We
also discuss implications for future co-design of responsible AI toolkits intended to
promote meaningful change in public sector contexts (Section 7.14). The public sec-
tor agencies we partnered with in this study plan to explore the use of the guidebook
through pilots, to identify further avenues for improvement.

1https://annakawakami.github.io/situateAI-guidebook/

https://annakawakami.github.io/situateAI-guidebook/
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6.2 Background

6.2.1 Public Sector AI and Overcoming AI Failures

In the United States, public sector agencies are government-owned or affiliated or-
ganizations occupying the federal, state, county, or city government, responsible for
making decisions around the allocation of educational, welfare, health, and other
services to the community [299]. Public sector agencies across the United States are
exploring how to reap the benefits of AI innovations for their own workplaces. AI
tools promise new opportunities to improve the efficiency of public sector services,
for example, by increasing decision quality and reducing agency costs [30, 73, 317,
434]. In 2018, 83% of agency leaders indicated they were willing or able to adopt
new AI tools into their agency [3]. In the public sector, there is also a recognition
that developing AI tools in-house can help ensure that they are better tailored to
meet agency-specific needs, ensure they are trained on representative datasets, and
account for local compliance requirements [115]. However, achieving responsible
AI design in the public sector has proven to be an immense challenge [143, 145,
354, 439]. The domains where agencies are attempting to apply AI are often highly
socially complex and high-stakes–including tasks like screening child maltreatment
reports [361], allocating housing to unhoused people [247], predicting criminal ac-
tivity [235], or prioritizing medical care for patients [310]. In these domains, where
some public sector agencies have a fraught history of interactions with marginalized
communities [2, 344], it has proven to be particularly challenging to design AI sys-
tems that avoid further perpetuating social biases [62], obfuscating how decisions
are made [222], or relying on inappropriate quantitative notions of what it means to
make accurate decisions [80]. Public sector agencies are increasingly under fire for
implementing AI tools that fail to bring value to the communities they serve, con-
tributing to a common trend: AI tools are implemented then discarded after failing
in practice [142, 354, 459, 463].

Research communities across disciplines (e.g., HCI, machine learning, social sci-
ences, STS) are beginning to converge toward the same conclusion: Challenges ob-
served downstream can be traced back to decisions made during early problem
formulation stages of AI design. Today, we lack concrete guidance to support these
early stages of AI design [80, 319, 443, 463]. For example, after observing decades
of failures to develop clinical decision support tools that bring value to clinicians,
researchers have found that AI developers may lack an adequate understanding of
which tasks clinicians desire support for, leading to the creation of tools that tar-
get problems that clinicians do not actually have [113, 142, 459]. These trends are
beginning to surface across other domains that have more recently begun to explore
the use of new AI tools. In social work, researchers have found that technical design
decisions in decision support tools reflect misunderstandings around the type of
work that social workers actually do, leading to deployments where, for instance,
the underlying logic of the model conflicts with how workers are trained and re-
quired to make decisions [221, 222]. Others have surfaced how seemingly technical
design decisions made during early stages of model design actually embed policy
decisions that conflict with community values and needs [138, 362, 395].

In addition to concerns regarding how well the problem formulation and design
of a given AI tool reflects worker practices and community values, there is a concern
that AI tools deployed in complex, real-world domains may be conceived without
adequate consideration for the actual capabilities of AI. For example, examining a
range of real-world decision support tools (e.g., in criminal justice, child welfare, tax
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lending), researchers have argued that existing AI deployments lack validity, due
to limitations in the types of data that can be feasibly collected to train the desired
model [80, 303, 336, 443]. This highlights the need for developers and organizations
to reflect upon technical constraints and limitations at earlier stages of the AI devel-
opment lifecycle, such as when evaluating whether or not to pursue a proposed AI
project in the first place.

While public sector agencies have emphasized the potential to improve decision
accuracy and reduce bias as a key motivation to use new AI tools (e.g., [89]), these
challenges around the problem formulation and design of AI systems implicate the
veracity of these claims [80, 222, 336, 395, 443, 463]. We identify a significant op-
portunity to better support public sector agencies in making systematic, deliberate
decisions regarding whether or not to implement a given AI tool proposal. Given the
vast potential for harm, and the similarly vast potential for AI systems to meaning-
fully support workers and improve services in the public sector, it is critical to sup-
port agencies through concrete guidance and processes in making more informed
decisions around which AI tool proposals to pursue, and which to avoid.

6.2.2 Toolkits for Responsible AI Governance

In an effort to support responsible design and development of AI systems in prac-
tice, the HCI, ML and FAccT research communities have contributed a range of re-
sponsible AI toolkits. These toolkits are intended to support and document assess-
ments of AI systems, including their (potential) impacts (e.g., [341]), intended use
cases (e.g., [291]), capabilities and limitations (e.g., [342]), dataset quality (e.g., [136,
332]), and performance measures (e.g., [291]). Many of these toolkits are intended
to be used as communication tools. For example, Model Cards provide a structure
for communicating information regarding the intended uses, potential pitfalls, and
evaluation measures of a given ML model, to support assessments of suitability for a
given application and context of use [291]. Recent research surveying these toolkits
have found that the majority of existing toolkits frame the work of AI ethics as “tech-
nical work for individual technical practitioners [453]. For the majority of existing
responsible AI toolkits, the primary users are ML practitioners, limiting the forms
of knowledge and perspectives that inform the work of “AI ethics” [453]. A smaller
number of toolkits have been designed for use by organization-external stakehold-
ers, to support impacted end-users in interrogating and analyzing deployed auto-
mated decision systems (e.g., the Algorithmic Equity Toolkit [240]); provide im-
pacted stakeholders with an opportunity to share feedback on an AI system’s use
cases and product design (e.g., Community Jury [76]); or support philanthropic or-
ganizations in vetting public sector AI technology proposals [1]). In all of these
examples, the toolkit supports examinations of AI systems that have already been
developed and sometimes even deployed.

Most existing toolkits assume that the decision to develop a particular AI sys-
tem has already been made. Therefore, even when they are intended to support
reflection and improvement of the AI system, the types of improvements that could
stem from using the toolkit tend to be limited to those that would not require fun-
damental changes to the underlying technology. Meanwhile, while some existing
responsible AI toolkits target earlier stages of AI development (e.g., [464]), these
have primarily been designed for private sector contexts. Yet there is good reason to
expect that public sector agencies would benefit from tailored responsible AI tools.
For instance, compared with the private sector, there is a greater expectation that
public sector agencies exist to serve people and are expected to make decisions that
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center communities’ needs. When making decisions as critical as what new AI tools
to deploy, agencies are expected to adhere strongly to values such as deliberative
decision-making, public accountability, and transparency. To date, there exists min-
imal concrete and actionable guidance on how to support public sector agencies in
scaffolding early-stage deliberation and decision-making.

A related existing artifact is the AI Impact Assessment, described as a “pro-
cess for simultaneously documenting an [AI] undertaking, evaluating the impacts
it might cause, and assigning responsibility for those impacts” [294]. AI Impact As-
sessments have been proposed for both public and private sector contexts, and are
intended to be completed either at an early stage of AI design (e.g., [9]), or after an
AI system is developed or deployed (e.g., [284]). Another related artifact is the Data
Ethics Decision Aid (DEDA) [132], a framework to scaffold ethical considerations
around data projects proposed in the Dutch Government. However, neither of these
examples are designed as deliberation toolkits, to promote collaborative reflection and
discussion around the underlying problem formulation or solution design of an AI
tool. AI Impact Assessments and ethical decision aids have also not typically been
designed in collaboration with the stakeholders they intend to serve. With recent
research suggesting low adoption of responsible AI toolkits in real-world organiza-
tional contexts [337, 453], a co-design approach with organizational stakeholders has
the potential to generate responsible AI tools that work in practice.

6.3 Methods: Co-Design and Validation of the Situate AI Guide-
book

To iteratively co-design and validate the Situate AI Guidebook, we conducted semi-
structured interviews and co-design activities with a range of stakeholders both
within and outside of public sector agencies. In this section, we describe partic-
ipants’ backgrounds, the approach and resources used in our iterative co-design
process, and our data analysis approach.

6.3.1 Participants and Recruitment

We co-designed the Situate AI Guidebook with individuals from four public sector
agencies across the United States. Collectively, this set of public sector agencies has
experienced a range of decision-making scenarios around the creation or use of AI-
based decision tools. All four agencies are currently ideating new forms of AI-based
tools, three have already implemented AI tools, and at least one had previously de-
ployed an AI tool and subsequently decided to abandon it. From these agencies,
we wanted to include stakeholders at different levels of the organizational hierar-
chy including those with experience making relevant decisions and those who are
involved in the development or consumption of AI tools but who are not typically
involved in decisions around development and deployment. We therefore included
participants from three core stakeholder groups: 1) Agency leaders (L) who are in
director or managerial roles, typically involved in agency- or department-level deci-
sions including whether to design and deploy a particular AI tool, 2) AI developers,
analysts, and researchers (A) who are in development, analysis, or research teams
internal to a given public sector agency and typically build and evaluate AI tools,
and 3) Frontline decision-makers (F) whose occupations bring them in direct con-
tact with the community their agency serves and whom an AI tool may be intended
to assist. Because we wanted to learn from additional frontline decision-makers but
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had access only to a limited number at the public sector agencies we connected with,
we recruited additional participants beyond these agencies, with relevant profes-
sional backgrounds. These included social work graduate students with prior field
experience making frontline decisions in public sector agencies.

In addition, we co-designed the guidebook with individuals from three com-
munity advocacy groups across the United States, including family representation
and child welfare advocacy groups. Individuals from these organizations created
the fourth stakeholder group: 4) Community advocates (C) who represent and meet
community members’ needs around public services. While the Situate AI Guide-
book is intended to be used by workers within a public sector agency, we included
community advocates because we wanted the guidebook to represent their perspec-
tives regarding the most critical considerations for moving forward with an AI tool
design. As discussed in Section 6.4.3, we also worked with community advocates to
begin envisioning what a future version of the toolkit, aimed at engaging commu-
nity members in the deliberation process, might look like.

In total, 7 agency leaders; 7 developers, analysts, and researchers; 7 frontline
decision-makers; and 11 community advocates participated in the co-design pro-
cess. To recruit public sector agencies, we contacted 19 U.S. public sector agencies
at the state, city, or county level with human services departments. We received re-
sponses from five agencies. Following a series of informal conversations to share
our research goals and study plans, four of the agencies decided to participate in the
study. To recruit individuals from community advocacy organizations, we contacted
community leaders and advocates across 8 organizations. While we requested indi-
vidual study participation, some participants preferred to participate in the research
study in small groups. By participating in groups, they believed they could provide
a more extensive set of insights together. 21 out of 25 sessions were conducted indi-
vidually, and the remaining four were group interviews. For ease of communication,
we will use the singular noun “participant” throughout the remainder of the paper.

6.3.2 Iterative Co-Design and Validation

The Situate AI Guidebook integrates findings across semi-structured interviews and
co-design activities, which were conducted over the course of eight months between
November 2022 and June 2023. The study sessions were ~90 minutes long for public
sector workers, who were involved in both the interviews and co-design activities;
the study sessions were ~60 minutes for community advocates, who were only in-
volved in the co-design activities.

Formative Semi-structured Interviews

To ensure that the Situate AI Guidebook is designed to address real-world needs and
goals, we conducted semi-structured interviews with public sector agency workers
to understand (1) their existing challenges and barriers to making decisions around
AI systems and (2) desires for improving their current decision processes. Specifi-
cally, to understand existing decision-making processes, we asked each participant
to recall a specific prior experience in which they or their agency needed to decide
whether to move forward with the development or use of a new AI-based tool. As
participants shared their stories, we asked follow-up questions to probe on possi-
ble causes behind the challenges that they described. For example, after describ-
ing how they previously made a related decision, we asked “What’s challenging
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FIGURE 6.2: Screenshot of a blank board shown to participants at the
start of the co-design activity on Mural. This board presents Scenario

1: Discussing ideas for new algorithms to improve services.

to do well now, when you’re making those decisions?” or “What would you ide-
ally want to discuss in conversations surrounding those decisions?” If a participant
shared that they had not personally been involved in decisions around AI design
and deployment—as was the case with community advocates and many frontline
workers—these questions would be skipped, and more time would be spent on dis-
cussing these participants’ desires for improved decision processes. We report find-
ings on how agency decision-makers currently make decisions around AI, including
how their decisions are shaped by complex power relations they hold with stake-
holders external and internal to their agency (e.g., legal systems, frontline workers),
in [217]. In this paper, we share complementary findings that provide design ratio-
nale for the Situate AI Guidebook’s design.

Co-Designing the Deliberation Questions

In the co-design activity, we first presented each participant with three potential sce-
narios: (1) Discussing ideas for new algorithms to improve services, (2) Deciding
whether to pursue the development of a given algorithm design to improve services,
and (3) Deciding whether to adopt an existing algorithm already implemented by
others. We asked the participant to pick the scenario they had the most experience
in or faced the most challenges for. For the scenario they selected, we asked the
participant to think about what critical considerations and questions they believe
should be on the table, when deliberating around these scenarios in an ideal future
situation. If the participant was having a challenging time thinking of potential con-
siderations and questions, we provided them with examples that were directly based
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on challenges they had brought up during the semi-structured interview (if applica-
ble). To help document and organize, in real-time, the considerations and questions
the participant was bringing up, we shared our screen and a link to an online board
on Mural, a collaborative web application where multiple users can generate and
arrange sticky notes. See Figure 6.2 for an example of a blank canvas.

We asked each participant to brainstorm critical considerations and questions
they would want future agencies to discuss. To avoid biasing participants, they
were initially asked to openly ideate their own questions without viewing questions
generated by prior participants. Following this, participants were shown existing
questions, providing them an opportunity to comment upon and validate existing
questions generated by other participants. As the participant openly generated ideas
for questions, one of the members of our research team took post-it notes on what
they were saying on the Mural board. The researcher would frequently check in
with the participant, to ensure the post-its accurately represented their ideas. We
also welcomed them to edit the post-its or create new ones. As they brainstormed,
we asked follow-up questions to better understand how they think a given question
could get answered, what makes it challenging to answer the question now, or how
they are conceptualizing certain terms. For example, when a participant generated
the question “How well are we involving community members in these decisions?,”
we asked them to further elaborate on what this might look like in practice. This
generated additional post-its, like “How well do we understand the costs, risks, and
effort required of community members, if we invite them to contribute to model
design decisions?” and “How are we weighting false positives and false negatives in
a given algorithm, based on what type of mistake that is for the impacted community
members?”

As mentioned above, after the participant generated their own questions and
considerations on the blank canvas, they were shown a list of topics and example
questions for additional consideration. This helped scaffold further ideation on any
considerations they may have missed in their initial ideation. In the first study ses-
sion, we provided an initial list of eight broad topics, informed by prior literature: (a)
Overall goal for using algorithmic tool, (b) Selection of outcomes that the algorith-
mic tool should predict, (c) Empirical evaluations of algorithmic tool, (d) Legal and
ethical considerations around use of algorithmic tool, (e) Selection of training data
for algorithmic tool, (f) Selection of statistical models to fit data, (g) Long-run main-
tenance of algorithmic tool, and (h) Organizational policies and resources around
use of algorithmic tool. We prompted the participant to discuss any new ideas the
provided topical categories inspired, or any disagreements they had with the cate-
gories. Figure 6.3 shows an example of what this list looked like in later stages of the
co-design process.

Between study sessions one or more researchers in our team iterated on the post-
its generated during that study, to reduce redundancies and improve clarity. We
then grouped the individual questions and considerations underneath the existing
topical categories, while iteratively refining categories or creating new categories
and subcategories as needed. The next participant was shown this updated version
of the aggregated questions and topics at the end of the study.

Guidebook Reflection and Validation

Participants that contributed to later stages of the co-design process were shown an
overview of the aggregated questions, a recommended deliverable for the delibera-
tion guidebook, and a high-level outline of a proposed deliberation process. We first
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FIGURE 6.3: Screenshot of a Mural board populated with post-its af-
ter one participant’s co-design activity. In our iterative co-design pro-
cess, these post-its were refined by the research team then added to
an aggregated list of questions that were successively grouped into

higher level categories.

showed participants the aggregated questions, and asked if there were any ques-
tions that they felt were critical to include but missing. We additionally asked if they
disagreed with the importance of any of the questions, or if the wording of any ques-
tion was confusing in any way. We then showed the participant an overview of the
deliberation process and asked for their perspectives around what they would like
to change in the proposed process, to have it fit better into their existing organiza-
tional decision-making processes. To address challenges in the potential use of the
protocol, we also asked participants (especially frontline workers and community
advocates) about challenges they anticipate with participating in the deliberation
process. We then invited participants to discuss potential adjustments to the process
or alternative processes that can help address these challenges and create a safer
environment for them.

6.3.3 Qualitative Analysis

The study recordings from the semi-structured interviews and co-design activities
were transcribed and then qualitatively coded by two members of the research team
using a reflexive thematic analysis approach [39]. We ensured that all interviews
were coded by the first author, who conducted all of the interviews and, whenever
applicable, another author who observed the interview. The first author coded one
transcript first, then discussed the codes with other coders to align on coding granu-
larity. Each coder prioritized coding underlying reasons why participants generated
certain questions during the co-design activity, while also remaining open to cap-
turing a broader range of potential findings. We resolved disagreements between
coders through discussion.
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6.4 The Situate AI Guidebook

The Situate AI Guidebook is a process to scaffold early-stage deliberations around
whether and under what conditions to move forward with the development or deploy-
ment of a proposed AI innovation. The current version of this toolkit is intended
for use within public sector agencies at various stages of maturity in their use of
AI tools—from those that are just beginning to consider the use of new AI tools to
those that may already have years of experience deploying AI tools. The delibera-
tion questions are designed to be discussed across different stakeholders employed
in a public sector agency, such as agency leadership, AI practitioners and analysts,
program managers, and frontline workers.

In this section, we provide an overview of the Situate AI Guidebook as an out-
come of our co-design and validation sessions. We describe the Situate AI Guide-
book through the following sections: (Section 6.4.1) Guiding Design Principles, (Sec-
tion 6.4.2) Content Design, (Section 6.4.3) Process Design, and (Section 6.4.4) Success
Criteria for Use.

To provide context for key design decisions, throughout each section, we elabo-
rate on participants’ existing practices, challenges, desires, and needs for improving
their decision-making process, drawing upon our thematic analysis. Where appro-
priate, we describe how the Situate AI Guidebook compares with existing responsi-
ble AI toolkits. At times, participants diverged in their desires (e.g., regarding how
the decision-making process should be integrated into their agency). In some of
these cases, our research team integrated these disagreements into the design of the
guidebook (see Design Principle 2); in other cases, we document how these disagree-
ments present challenges for the use of the guidebook, suggesting opportunities for
future work (Section 6.4.3 and Section 7.14).

6.4.1 Guiding Design Principles

The goal of the guidebook is to scaffold public sector agency decision-making around
the following question: Should we move forward with developing or deploying a pro-
posed AI tool? If yes, what are key considerations to plan for? The guidebook aims to
support agencies in answering this question through a deliberation-driven process
supported by the following materials: (1) Question prompts to support conversa-
tions around the social (organizational, societal, and legal) and technical (data and
modeling) considerations that should inform their recommendation, (2) Pointers to
external resources to help guide their responses, (3) Template for a recommended de-
liverable to help communicate rationales and evidence for the recommendation that
results from these deliberations, (4) Proposed use cases that illustrate how agencies
could adopt the guidebook into their existing work processes, and (5) Success crite-
ria to signal whether the intended outcomes of the guidebook may be relevant and
useful to agencies.

In co-designing the guidebook towards this goal, we centered two core design
principles:

• (Design Principle 1) Promoting reflexive deliberation. The question prompts
(Section 6.4.2) should support stakeholders in having reflexive discussions—
for example, conversations that surface their own pre-existing assumptions
and beliefs about human versus AI capabilities and limitations with respect
to a given task and context, or that surface relevant tacit knowledge that may
be helpful to share with others. The question prompts should be designed to
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avoid prompting simple yes or no responses, to ensure that responses to com-
plex questions are not reduced to a simple compliance activity. In drawing
on prior work that emphasize the role of the toolkit as one that “prompts dis-
cussion and reflection that might not otherwise take place” [279, 380], this de-
sign principles extends these notions of effective toolkits from prior literature
to apply to topics of importance in public sector contexts. Prior research on
public sector contexts (e.g., [182, 221, 395]) as well as findings from this study
suggest that agency stakeholders’ differing backgrounds shape their assump-
tions and concerns around AI tools, motivating the need for a deliberative
decision-making process that surface these individual differences. Through-
out Section 6.4.2, we elaborate on participants’ existing challenges and desires
to illustrate the importance of Design Principle 1 in their contexts.

• (Design Principle 2) Ensuring practicality of the process. The guidebook
should be designed to support a process (Section 6.4.3) that public sector agen-
cies can feasibly understand, adopt, and adapt as needed. If an agency al-
ready has an existing decision-making structure, or conversations related to
AI design already take place, the agency should find it easy to “fit” the guide-
book into their existing organizational processes and conversations. This de-
sign principle is aimed at addressesing concerns raised in prior literature that
existing responsible AI toolkits are often designed in isolation from the orga-
nizational contexts they intend to augment (e.g., [453]). This design principle
is also motivated by our observations of the four public sector agencies in our
study, which each had their own existing or planned organizational processes
for developing AI tools (Section 6.4.3). Further, by co-designing the process
the toolkit should follow (in addition to the guidebook content), we further
an understanding of how organizational, labor, and power dynamics impli-
cate the potential effectiveness of responsible AI toolkits in the public sector
(Section 6.4.3).

6.4.2 Content Design: Scaffolding Reflexive Deliberation

Participants ideated critical questions that spanned four high-level topics, 12 mid-
level, and 20 low-level topics. In each of the four subsections below, we briefly
describe why participants were interested in the overall category of questions and
provide example questions. The full set of deliberation questions for the Situate AI
Guidebook (Ver.1) can be found in Appendix B.1.

Goals and Intended Use

This section is intended to scaffold conversations around the following broad
questions:

1. Given our underlying goals and intended use case(s), is our proposed AI
tool appropriate?

2. What evidence do we have to support our answer to the previous ques-
tion? What additional tasks may be required in the future to help us gather
more evidence and/or better understand the evidence we currently have?
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Sample Questions

• Overall goal for using algorithmic tool

– Who is going to be affected by the decision to use this hypothetical AI
tool?

– What evidence do we have suggesting that the painpoint this tool
aims to solve actually exists?? What evidence do we have suggesting
that technology may offer a remedy to this pain point?

– Recall the stakeholders who are the most impacted by this hypotheti-
cal AI tool. How do we bring their voices to the table when determin-
ing goals?

– Are there differences in the goals the agency versus community mem-
bers think the tool should address? If so, what are they? If we are
uncertain, what can we do to understand potential differences?

– What biases (as a public sector agency) do we bring into this decision-
making process?

• Selection of outcomes that the algorithmic tool aims to improve

– Hypothetically, imagine that our tool does a perfect job of improv-
ing the outcome that it targets. What additional problems might this
create elsewhere in the system?

• Empirical evaluations of algorithmic tool

– Once the tool is deployed and in use, how can we evaluate how well
it is working in the short-term? How can we evaluate how well it is
working longer-term?

– How can we effectively evaluate the tool from the perspective of im-
pacted community members?

– How might frontline workers respond to the tool? How can we better
understand their underlying concerns and desires towards the tool?

The deliberation questions focus on promoting conversations that bridge reflec-
tion and understanding of the goals of the proposed AI tool, as well as how these
goals will be operationalized into measurable outcomes. The 52 questions within
the Goals and Intended Use section are divided into nine subsections: (1) Who the tool
impacts and serves, (2) Intended use, (3) How agency-external stakeholders should
be involved in determining goals, (4) Differences in goals between the agency and
impacted community members, (5) Envisioned harms and benefits, (6) Impacts of
outcome choice, (7) Measuring improvement based on outcomes, (8) Centering com-
munity needs, and (9) Worker perceptions. For the purpose of this paper, we sample
one question from each topical subsection.

Several of the questions in this section are designed to help surface underlying
assumptions regarding who benefits from the use of the tool, and to support dis-
cussion around what evidence suggests that these assumptions are true. These
questions stem from participants’ concerns around whether their AI systems are tar-
geting areas that would bring the most benefits, and to whom these benefits apply.
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For example, one participant noted that their agency had invested a lot of effort into
assessing and trying to improve fairness in their algorithms. However, the partici-
pant wondered whether they should have been having conversations around larger,
“more challenging” questions. For instance, they wondered whether “correcting for
bias” in an algorithm within an inherently biased system is a meaningful or feasible
goal. They further elaborated:

“I think there my concern often has to do with [the] unexamined belief
that an algorithm is always an improvement. [...] I think [questions on
broader goals and benefits are] more challenging and that people [who]
are running the system may not always see [...] Personally, I think there’s
a lot of stuff that can be done with machine learning that doesn’t have
to [target] decision-making at the participant level. [...] But those are the
kinds of questions the immediate focus [is] on. ‘Oh, we’re going to use
this to make decisions at critical points in programs.’ Those are things
that to me still need to be discussed. And it may be that those conversa-
tions are happening at tables that I’m just not at.” (A02)

Other participants expressed concerns for how frontline workers in their agency–the
majority of who are currently not involved in early-stage conversations around the
goals of the AI tool–may be misunderstanding the intended uses and capabilities
of their AI tools. For example, one participant described that frontline workers may
be concerned that the AI tools will displace them, even though their agency doesn’t
intend to use them to automate workers’ jobs. They described:

“There’s almost like a mystique around machine learning algorithms,
like there’s some amazing thing that is all knowing and all seen, and
therefore can predict all these different things. [...] helping people [...
understand] what it’s able to do and not able to do, I think, is something
we’ve struggled with” (A04).

Other questions are intended to help forefront considerations around what addi-
tional planning and resources may be needed, in order to adequately complete a
related task in the future. For example, workers within agencies often described that
involving community members in their AI design and evaluation process can be
challenging, given the current lack of infrastructure to support such collaborations.
However, community advocates described how involving community members is
often an after-thought. One community advocate described the importance of being
intentional and proactive in community engagement practices, because

“it’s easy to let that be something that gets back burning, like throughout
the process to just have that be something we’ll get to, and then we end
up in that feedback loop where the feedback is provided but the tool is
already created” (C2).

Questions in this section help promote earlier reflection and planning on how com-
munity members could be involved, so that they could conduct appropriate empiri-
cal evaluations regarding their perceptions of the AI tool.

Societal and Legal Considerations
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This section is intended to scaffold conversations around the following broad
questions:

1. Given the societal, ethical, and legal considerations and envisioned im-
pacts associated with the use of AI tools for our stated goals, is our AI tool
appropriate?

2. What evidence do we have to support our answer to the previous ques-
tion? What additional tasks may be required in the future to help us gather
more evidence and/or better understand the evidence we currently have?

Sample Questions

• Legal considerations around the use of algorithmic tool

– Do the people impacted by the tool have the power or ability to take
legal recourse?

• Ethical and fairness considerations around the use of algorithmic tool

– Are there differences in the goals the agency versus community mem-
bers think the tool should address? If so, what are they? If you are un-
certain, what are your plans for understanding potential differences?

– Can we agree on a definition of fairness and equity in this context?
What would it look like if the desired state is achieved?

– Are fairness and equity definitions and operationalizations ade-
quately context-specific? (For example, in the child welfare domain:
children with similar profiles receive similar predictions irrespective
of race?)

– Do we understand the negative impacts of the decision made across
sensitive demographic groups?

• Social and historical context surrounding the use of algorithmic tool

– Have we recognized and tried to adjust for implicit biases and dis-
crimination inherent in these social systems that might get embedded
into the algorithm?

– How might we clearly communicate the limitations and historical
context of the data to community members?

Overall, the goal of this section is to help promote a systematic, deeper conversa-
tion on the various dimensions of social and ethical concerns relevant to the design
of an AI tool. The 38 questions within the Societal and Legal Considerations section
are divided into seven subsections: (1) Legal considerations around the use of the
algorithmic tool, (2) Impacted community member needs, (3) Involving impacted
communities, (4) Clarity of ethics goals and definitions, (5) Operationalization of
ethics goals, (6) Envisioning potential negative impacts, and (7) Social and historical
context surrounding the use of the algorithmic tool. Again, for the purpose of the
paper, we sample one question per topical subsection.

Participants shared that they did not currently have structured opportunities
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to proactively discuss social and ethical considerations surrounding AI tool de-
sign. While participants described that their teams spent a lot of time working on
related data- and model-specific fairness tasks (e.g., using bias correction methods
to improve the fairness of their AI tool), several participants noted a desire to dis-
cuss normative concerns regarding the design of an AI tool that could only be
addressed in earlier problem formulation stages. Moreover, participants’ past ex-
periences illustrated an opportunity to better support cross-stakeholder communi-
cations around the ethical considerations that should aid AI design, by equipping
teams with a shared knowledge base and vocabulary for ethical concerns. For in-
stance, one participant described how a leadership team tasked them with creating a
predictive algorithm to assist decisions about fraud investigation. The participant’s
team tried to “get them away from this” because the task was technically infeasible
(producing high false positive rates) and ethically risky the cost of errors is high,
given that decisions to investigate are highly intrusive to the individual. This sec-
tion’s questions intend to support agency stakeholders in forming a more complete
understanding of the different ethical factors that could make a proposed AI tool
design “appropriate” or “inappropriate.”

We note that the guidebook does not exclusively surface societal and ethical con-
siderations in this section; the prevalence of relevant questions included in the other
three topical sections (Goals and Intended Use, Data and Modeling Constraints,
Organizational Governance) reflect how social and ethical considerations are inter-
twined with all facets of a proposed AI tool.

Data and Modeling Constraints

This section is intended to scaffold conversations around the following broad
questions:

1. Given the availability and condition of existing data sources, and our in-
tended modeling approach, is our proposed AI tool appropriate?

2. What evidence do we have to support our answer to the previous ques-
tion? What additional tasks may be required in the future to help us gather
more evidence and/or better understand the evidence we currently have?

Sample Questions

• Understanding data quality

– Has the definition of the data changed over time? (E.g., in child wel-
fare, has reunification always meant to reunify with the parent?)

• Process of preparing data

– How are we preprocessing the data?
– Who should be involved in making decisions around whether to in-

clude or exclude certain data points or features? Do we have plans
for involving those people?

• Model selection

– Is our model appropriate given the available data? Why or why not?
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This section intends to forefront conversations around data and technical work
that may be critical to have earlier on. The 18 questions within the Data and Modeling
Constraints section are divided into seven subsections: (1) Understanding data qual-
ity, (2) Process of preparing data, (3) Selection of statistical models to fit data. For
the purpose of the paper, we provide a subsample of questions under each topical
subsection.

Participants who had experience developing AI tools often underscored the im-
portance of ensuring that they had the computing resources and data needed to de-
velop their proposed AI tool. For example, they described the importance of form-
ing a context-specific understanding of the data labels that may be challenging to
identify without relevant domain knowledge (e.g., whether certain labels like “re-
unification” have changed definitions over time). Others described the importance
of deliberating who should be involved in data inclusion and exclusion decisions
when they are cleaning their data.

Organizational Governance Factors

This section is intended to scaffold conversations around the following broad
questions:

1. Given our plans for ensuring longer-term technical maintenance and
policy-oriented governance, do we have adequate post-deployment sup-
port for our proposed AI tool?

2. What evidence do we have to support our answer to the previous ques-
tion? What additional tasks may be required in the future to help us gather
more evidence and/or better understand the evidence we currently have?

Sample Questions

• Long-run maintenance of algorithmic tool

– Do we expect there will be shifts in performance metrics over time?
If so, why? What are our plans for identifying and mitigating those
shifts?

– Do we have the mechanisms to monitor whether the tool is having
unintended consequences?

• Organizational policies and resources around the use of algorithmic tool

– Is there training for frontline workers who will be asked to use the
tool? What evidence suggests that this training is adequate?

– Imagine that we could assemble the “ideal team” to monitor and gov-
ern the tool after it is deployed: What are the characteristics of this
ideal team?

* Who is the actual team that will monitor and govern the tool after
it is deployed?

* Given the gaps between the “ideal team” and the actual team
we expect to have: What risks to post-deployment monitoring
and governance can we anticipate? How might we mitigate these
risks?
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• Internal political considerations around the use of algorithmic tool

– How well do we understand system administrators’ and leadership’s
perspectives around the use of this tool?

– How well do staff and leadership understand ‘why’ the tool could
bring value?

The 24 questions within the Organizational Governance Factors section are divided
into five subsections: (1) Measuring changes in model performance over time, (2)
Mechanisms to identify long-term changes in model performance, (3) Policies around
worker interactions with the AI tool, (4) Governance structures around the AI tool,
and (5) Internal political considerations around the use of the AI tool. As with prior
sections, we include in this paper a sample of questions across these topical subsec-
tions.

Similar to considerations around the Social and Legal Considerations of AI design
(Section 6.4.2), participants often described encountering challenges when attempt-
ing to meet organizational governance-related needs of the AI tool, like maintaining
their AI tool over time, ensuring workers are adequately trained, or communicating
the goals and capabilities of the AI tool to agency leadership. Partipants highlighted
that many of these challenges arise because such considerations are discussed in
an ad-hoc manner, too late in the AI development process. Given that several of
these needs may require longer-term planning and preparation (e.g., gathering re-
sources of model maintenance), public sector agencies may be better equipped in
meeting these governance needs if they were discussed in early stages of model
design (rather than after an AI tool has already been developed). For example, par-
ticipants described how they currently lack domain experts that could help maintain
and improve their model post-deployment—a gap in their AI development process
that they felt was critically important to address. While agencies currently discuss
maintenance-related concerns at the deployment stage, this may not allow the agen-
cies enough time to deliberate who should be involved in maintenance, or how to
allocate additional roles for a maintenance team.

6.4.3 Process Design: Designing for Practicality and Adaptability

The overall goal of the Situate AI Guidebook is to help public sector agencies make
more informed, deliberative decisions about whether and how to move forward
with implementing a proposed AI tool. Prior literature studying existing respon-
sible AI toolkits have started to surface concerns around how such toolkits may be
used inappropriately or not used at all in practice, due to misalignments with the
organizational contexts they are designed to support [279, 453]. In this section, we
describe findings related to the broader deliberation process that participants envi-
sioned the deliberation questions (Section 6.4.2) could be used to support.

Below, we first present our proposed use case for the Situate AI Guidebook, along
with an example instantiation of the use case and an explanation of how partici-
pants’ existing practices informed this use case. We then discuss participants’ de-
sires for alternative use cases and processes around deliberation. Participants across
agencies and roles expressed interest in using the questions in a few different ways,
based on their concerns around cross-stakeholder power dynamics and desires to
enable deliberation practices that align with their organizational values [337, 453].
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FIGURE 6.4: A high-level overview of the main stages involved in the
proposed use case for the Situate AI Guidebook, intended to support
structured and iterative deliberations within a public sector agency.

Given participants’ interests in adapting the guidebook to different use cases, a key
component of the Situate AI Guidebook is that it is designed to allow users to select
which topics and questions they would like to focus on: The deliberation questions
are categorized and grouped into modular components; and users have the flexi-
bility to select from a large set of deliberation questions within each component to
identify a subset that is most relevant to their use case.

Proposed Use Case: Using the Guidebook to Support Structured and Iterative
Deliberations

Participants envisioned that the guidebook could be effectively used to support
structured, iterative deliberation through formal workshops between members of
their agency. In this section, we elaborate on one possible way this use case can be
instantiated into an overall deliberation process, then discuss how this compares to
participants’ existing practices within their agency. We provide an example of one
possible implementation of a formal deliberation process, using the guidebook.

Example instantiation of proposed deliberation process This process involves a
four-stage phase, where the public sector agency would first appoint a facilitator(s)
to help organize the overall decision-making process:

Stage 1: Topic and Attendee Identification. The facilitator will identify which of
the four guidebook topics, if not all, they are interested in convening a deliberation
workshop on. Based on broad guidance provided in the guidebook, the facilita-
tor will then identify the stakeholders that should be included in the deliberation
workshop based on the selected topics. For example, the Societal and Legal Consid-
erations section is designed to be used by a more diverse range of stakeholders (e.g.,
AI practitioners, frontline workers, community members, legal experts) compared
to the Data and Modeling Constraints section (e.g., AI practitioners only).

Stage 2: Question Selection and Deliberation. After finding a shared time for
the deliberation workshop, the facilitator should share the goals and topics of de-
liberation (included in the guidebook) with the group. The guidebook includes a
large number of questions for each topic of deliberation. For example, the Goals
and Intended Use section alone has 52 questions. To ensure that the questions can be
feasibly discussed within the allocated time, we highlight 1-2 recommended ques-
tions per major subsection, resulting in a smaller number of questions (19 questions
for the Goals and Intended Use section). The remaining questions are also available
in the guidebook as “optional questions.” We recommend that, at the start of the
workshop, the facilitator provides the attendees with the opportunity to identify any
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questions from the “optional questions” category they would like to additionally or
alternatively discuss in the workshop. As the attendees are discussing each ques-
tion, the facilitator should take note of their responses and points of disagreement.
If there are disagreements that are challenging to resolve in response to a question,
the facilitator should help the group identify action items to help gather more infor-
mation or perspectives and plan to revisit the question at a later time. If the group
finds they currently lack the resources or knowledge to fully address a question, the
facilitator should also make note of this and plan to revisit the question at a later
time.

Stage 3: Deliberation Synthesis and Action Items. After the deliberation work-
shop, the facilitator should summarize the discussions and outcomes into the delib-
eration report template which we include in the guidebook. The template includes
the following questions: (1) What is your recommendation? (2) Please list core reasons
for your recommendation, based on the deliberation workshop, (3) Are there any follow-
up tasks you must complete, in order to fully support this recommendation? If yes, please
write the task(s) and plan(s) for completing it, and (4) What core counter-arguments against
this recommendation arose during the deliberation workshop? Please describe each counter-
argument, including how you addressed or plan to address each one. Based on the report
responses, the facilitator should continue to iteratively revisit the deliberation ques-
tions, organizing additional deliberation workshops with the attendees as needed,
as they complete the follow-up tasks included in the report.

Stage 4: Public Report and Improvement. The facilitator should work with their
agency to publicly share the deliberation report with agency-external stakeholders,
including impacted community members and related organizations. To promote
conversations and bidirectional learning between community members and agency-
internal stakeholders, the agency should hold public convenings and host an on-
line commenting forum for any individuals who would feel more comfortable con-
tributing anonymously online. The agency should then synthesize the themes that
emerged from the conversations, identify action items to address any concerns, and
share these results of the community conversations with the public. In the guide-
book, we plan to include links to existing community review efforts to provide ex-
amples of what this interaction could look like. However, we note that effectively
completing this step requires additional research and resource creation (which we
discuss in the Discussion Section 7.14).

How participants’ existing organizational practices informed the proposed pro-
cess design Reflected in the process above, participants raised several important
considerations to ensure the process is practical and meaningful to their agency.
For example, participants in agencies that are actively developing new AI tools de-
scribed that there are already AI design and development processes in place that
support focused discussions on improving, for example, the algorithmic fairness
of their AI tool. These participants did not want the Situate AI Guidebook to re-
place these conversations and work sessions. Instead, they desired a process that
could augment their existing processes. For instance, participants noted that hav-
ing these deliberation workshops earlier on, before they developed or analyzed any
AI model, can help promote reflexive conversations about what it means to do the
work of AI fairness and what important considerations that should aid this work
(e.g., whether there is a definition of “fairness” that agency workers agree on). Re-
latedly, as reflected in the process description, several participants described the im-
portance of revisiting these deliberation questions iteratively, throughout the AI
development and deployment process (rather than only discussing these at the early
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ideation stages of a development process). For instance, participants described that
their understanding of some of the question responses (e.g., the intended outcomes
that the AI tool should help achieve) may evolve with time as the AI tool develop-
ment evolves (e.g., depending on what is technically possible, given data constraints
or prediction errors). Participants noted that designing the guidebook to center an
iterative process would help ensure the conversations complement their existing AI
development process, which is also iterative in nature. We originally designed the
process so that the deliberation workshop attendees would be required to come to
a consensus on the final recommendation before moving forward. However, the
participants we spoke with emphasized that this may be impractical and unnec-
essary based on their end goals for the guidebook. We elaborate on this point in
Section 6.4.4 when we discuss the guidebook’s Success Criteria.

We discuss limitations and future work related to this proposed use case in the
Discussion, drawing on prior literature suggesting ways in which research-based
conversational tools may not be adopted in practice or may be used in inappropriate
ways.

Empowering Participation: Accounting for Organizational Power Dynamics.

Findings from this study strongly suggest that frontline workers—those who would
be asked to use the AI tool once deployed—are interested in engaging in early-stage
deliberations around what the AI tool should be designed to assist. Prior literature
also suggests that ensuring agency leadership and AI developers understand front-
line workers’ needs and challenges is critical to ensuring that the “right” AI tools are
being developed (e.g., [217, 221, 361, 459]). However, effectively supporting conver-
sations between roles with prominent and knowledge differentials remains a chal-
lenging task [182]. For the current version of the Situate AI Guidebook, we begin
accounting for this challenge by editing the language used in some of the guidebook
sections to ensure it is understandable to those without prior knowledge on technol-
ogy. We additionally asked frontline workers about their desires for how they would
want to participate in the deliberation process, to ensure they feel safe to share any
concerns. In this section, we discuss these findings. However, we note that future
work is needed to ensure that the Situate AI Guidebook (Ver.1.0) adequately accounts
for organizational power dynamics. In the Discussion, we discuss implications for
complementary policy interventions that may be needed for an agency to effectively
facilitate a multi-stakeholder deliberation process.

Frontline workers’ preferred processes for participating in multi-stakeholder de-
liberations Frontline workers in our study had a range of perspectives around
how best to involve them and their colleagues in the deliberation process. One
frontline worker suggested that their agency should require all frontline workers
to attend the deliberation workshops. They described that, without making partici-
pation in these discussions mandatory, frontline workers may opt to skip meetings
given their busy schedules. The participant further expressed concerns that, if par-
ticipation was on a voluntary basis, frontline workers who join may be harmfully
self-selective: “... particularly for people with marginalized identities, it’s important
for them to be a part of these spaces and voice their concerns. I think that if it wasn’t
mandatory, it might be, you know, [a] self-selecting group” (F7). This frontline
worker, along with another worker, also described how adjustments to the proposed
process could help frontline workers feel more comfortable raising concerns. For ex-
ample, the participants expressed that, for multi-stakeholder conversations, some
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frontline workers may feel more comfortable having a separate frontline worker-
only deliberation workshop, synthesizing and formalizing their perspectives, then
going to a group meeting with other agency stakeholders to present their perspec-
tives. As the participant described:

“A lot of social workers are very non-confrontational [...] we are our
clients’ best advocates but not for ourselves. And so I definitely do think
that people might be more comfortable, you know, having their own sort
of peer group discussion or colleague group discussion. And then that
being you know, sort of the concerns being written down and formalized,
and that being taken rather than a more informal sort of like anyone who
has concerns just raise their hand and say their piece. I feel like that
might be a bit daunting for some people” (F7).

Alternative use case: Using the guidebook to empower everyday conversations
Complementing frontline workers’ desires for engagement, participants from agen-
cies that were not yet developing new AI tools described a different use case for
the Situate AI guidebook. These participants envisioned that the guidebook could
be used by teams to support everyday conversations, with the aim of proactively
avoiding pitfalls in AI project ideation and selection. For instance, one participant
described that they wanted the guidebook to be used more casually, by everyone in
the agency, to help all staff members feel empowered to “be able to do a little more of
the innovation” (L7). The participant described that, even if they get stuck or need
help, “it would be awesome for them to have a library of resources that they can
look at” to help them get started. The participant further described that workers in
their agency should “have the flexibility to structure the deliberation workbook to
their needs,” for example, deciding which questions to discuss, how much time to
take in discussing the questions, and who to talk with. By having a guidebook that
empowers any staff member to discuss topics around AI, the participant hoped that
these deliberations could have rippling effects on their agency’s overall culture:

“Maybe we’re trying to get from [...] ’let’s do this big project right with
the right leaders and things in the room’ to ’how do we create a culture of
improvement’ [...] Not just how do we do a technology project the right
way, but actually can it have a broader impact on culture. This is how
we do anything. It’s always with this batch of questions in mind and
thinking about how we can be people around problem solving” (L7).

Desires to expand participation to community members for future versions of the
guidebook Several participants across agencies and community advocacy groups
were interested in involving community members in the deliberation workshops
supported by the guidebook. Workers within the agency wanted guidance on how
to do this effectively. In our conversations with community advocates, we probed
on how they would like to be involved in deliberations around the Situate AI guide-
book. They described the importance of compensating community members for
their time, providing multiple channels for communication (e.g., online forums and
in-person meetings), and following up with the outcomes of the conversations: “that
happens a lot, you know–agencies are like ’oh, we engage with the community, and
we brought them into the space with us.’ But then there’s no follow up or follow
through from those conversations. And that’s been a historical thing” (C2).
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Importantly, we note that the guidebook, in its current form, is designed to sup-
port conversations across workers within a public sector agency. It is not designed to
directly support conversations between agency-internal workers and agency-external
stakeholders (e.g., community members). In the Discussion section, we discuss op-
portunities to expand participation through design improvements.

6.4.4 Success Criteria

What outcomes do public sector agencies and impacted community members con-
sider “meaningful,” when assessing the effectiveness of the Situate AI Guidebook?
What are their underlying theories of change around how their public sector agency
could move towards more responsible early-stage AI design practices, and how do
they envision the Situate AI Guidebook can help them progress towards that path?
Overall, through the guidebook, participants wanted to form an understanding of
the disagreements and tensions across agency workers felt most strongly about, to
help position themselves to better address these disagreements through changes to
the problem formulation or design of a proposed AI tool. Importantly, as indicated
by the process design in Section 6.4.3, participants described that the goal of the Sit-
uate AI Guidebook should not be to resolve these tensions and disagreements across
individuals. Participants described that this is an infeasible task, given underly-
ing differences in values and goals across agency stakeholders. In this section, we
elaborate on four success criteria of the guidebook. These success criteria intend to
help communicate the intended goals and boundaries of the guidebook, and includ-
ing how they are informed by participants’ own notions of success for deliberations
around the design of AI tools.

Make it easier for different agency stakeholders to communicate with each other
about AI design, evaluation, and governance considerations.

Many of the challenges that participants in our study described could be addressed
if better communication channels existed between different agency stakeholders—
including amongst AI developers, agency leadership, and frontline workers. This
challenge is also well-documented in prior literature studying public sector AI decision-
making [182, 217, 222, 361]. For instance, in current practice, frontline workers are
often not meaningfully involved in early-stage deliberations around AI design and
adoption. As a result, agency leadership and AI developers have interpreted work-
ers’ concerns around AI as a signal for not understanding what the AI tool does.
Involving frontline workers in these earlier discussions can both help more proac-
tively inform workers of AI capabilities and empower them to engage in construc-
tive conversations that would improve the design of AI tools.

Bring context-specific needs for resources to the forefront of AI project selection
conversations.

While participants often knew which resources they needed to successfully imple-
ment a given AI tool, their past challenges sometimes surfaced a missed opportunity
to identify these needs at an earlier stage of their AI design process. Moreover, re-
lated to the previous success criterion, our conversations with the participants sur-
faced ways in which having agency workers with different roles and perspectives
engaged in these early-stage deliberations can strengthen their ability to anticipate
the potential impacts of AI design decisions. For example, frontline workers voiced



Chapter 6. Improving AI Adoption and Governance 191

that AI tools they had used in the past were designed in ways that conflicted with
their existing decision-making policies; other workers described that AI deploy-
ments may add additional labor to their day-to-day tasks, given they may be asked
to more diligently collect data. In current AI development processes, where front-
line workers may only be meaningfully engaged in AI implementation or piloting
stages, mitigating these negative impacts may require more substantive tasks like
redesigning the AI tool. Participants further described that these resource-related
needs were highly context-specific. For instance, when discussing the importance
of anticipating how their AI tool may impact community members, one participant
recalled how even the definition of “community” may differ across agencies and AI
tools: “Because we would always say, ’we’re doing stuff [where] the community is
informing us.’ And then we realized, ’oh wait, it wasn’t necessarily the group of
people who were impacted by [our decisions]’” (L7).

Make social and ethical considerations a first order priority in conversations around
whether to move forward with an AI tool idea.

As described in Section 6.4.2 and 6.4.2, participants described their past assessments
around whether an AI tool was appropriate to implement centered algorithmic considerations–
whether that be the quality of their training data or outcomes of algorithmic fairness
or accuracy metrics. While these considerations are critically important, others also
discussed a desire to rigorously deliberate the underlying values embedded in de-
sign decisions, and the social and ethical impacts of a proposed AI tool. This echoes
concerns from prior literature, discussing how technical design decisions often in-
clude hidden policy decisions and value judgements [138, 395]. Prior work also sug-
gests the importance of these considerations, noting that existing AI ethics toolkits
have largely framed the work of ethics as “technical work” [453].

Make “fitting” an AI tool into a workplace a design problem, rather than an im-
plementation problem.

This success criterion intends to avoid practices where the AI tool idea is conceived
before fully understanding context-specific practices and needs, and in turn, creating
AI tools that frontline workers must then attempt to “fit” into their existing work-
flow. This tendency to treat “fitting” AI tools as an implementation problem, and its
negative impacts on workers’ ability to improve their existing decision-making prac-
tices, is also well documented in prior literature [459, 463]. Indeed, participants—
including both AI developers and frontline workers-described that they wished they
could have had better conversations, early on, to understand what the actual goal of
the tool they were building should be. As one AI developer described, recalling a
past experience in their team where leadership had asked them to create an AI tool:
“It was kind of hard to get a sense of what the actual issue was that was being asked
to be solved. It sounds kind of a lot like, ‘Here’s a bunch of different potential places
an algorithm might fit in’” (A04). Ultimately, they were asked to create a predictive
model to “to find fraud where there wasn’t already suspicion of fraud.” However,
the AI developer described feeling leadership had proposed the idea as “this cool
thing we could do” but, in reality, realizing that creating such a tool would create
more problems downstream in the system (in this case, it would create too many re-
ferrals to be able to investigate). By promoting early-stage, structured deliberations
around critical topics related to AI tools, public sector agencies could be supported
in identifying higher-value, lower-risk opportunities to innovate with AI systems.
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6.5 Discussion

Public sector agencies in the U.S. are increasingly exploring how new AI tools can
assist or automate services in child welfare, homelessness housing, healthcare, and
policing, among other domains [73, 143, 310, 361, 459]. In the U.S., these public
services have historically been characterized by racial inequity, procedural injustice,
and distrust from the impacted communities [42, 119, 395]. While agencies have
rapidly begun to deploy AI tools to improve their services, ensuring responsible de-
velopment has proven to be an immense challenge. In the past decade, such AI tools
have often failed to serve the needs of the communities that agencies are expected to
serve [21, 119, 138, 163, 164]. A growing body of literature has recognized that many
downstream harms resulting from AI tools can be traced back to decisions made
during the earliest problem formulation and ideation stages of the AI lifecycle. Yet,
there are few, if any, effective resources for public sector agencies in making more
deliberate decisions regarding whether a given AI proposal should be developed in
the first place.

Through iterative co-design sessions with 32 individuals (agency leaders, AI de-
velopers, frontline decision-makers, and community advocates) across four public
sector agencies and three community advocacy groups, we created the Situate AI
Guidebook (Ver.1.0). The guidebook, designed for public sector agency workers,
scaffolds the process for early-stage deliberations around whether and under what
conditions to move forward with the implementation or adoption of a new AI tool
or idea. To support this process, the guidebook presents a set of 132 deliberation
questions–which participants indicated are critical to consider yet are often over-
looked today–spanning both social (organizational, societal, and legal) and tech-
nical (data and modeling) considerations around AI; along with guidance on the
overall deliberative decision-making steps and success criteria for use. In this sec-
tion, we discuss the design decisions we made in creating the guidebook, along with
limitations and opportunities for future work. For each section of this discussion, we
begin by summarizing relevant portions of the findings. Then, we elaborate on lim-
itations and future opportunities to improve upon the existing guidebook.

6.5.1 Overcoming Low Adoption Rates for Responsible AI Toolkits in the
Public Sector

As the research community continues to innovate new Responsible AI toolkits, re-
cent literature has raised concerns regarding the practical efficacy of such toolkits.
Prior work has found that the majority of AI ethics toolkits fail to account for the rel-
evant organizational context, hindering their usability (e.g., overlooking guidance
on how different stakeholders should be engaged) and effectiveness (e.g., focusing
on the technical but neglecting the social aspects of AI ethics work) [453]. Public
sector decision-making around service allocation is often shaped by resource and
staffing shortages, and require balancing tradeoffs to meet the competing needs of a
range of stakeholders (e.g., impacted community members, policymakers and regu-
lators, politicians) [439]. Moreover, AI tools in the public sector often target socially
high-stakes decisions (e.g., whether to screen in a family for child maltreatment in-
vestigation, or provide an individual with a credit loan), that have disproportion-
ately negatively impacted the lives of historically marginalized communities. Prior
work has shed light on the downstream impacts that public sector AI systems have
had (e.g., [42, 346]), along with challenges to ensuring their responsible design and
use (e.g., [221, 361, 439]). Through our study, we demonstrated how collaborating
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with public sector agencies and community members to co-design a responsible AI
toolkit–including its process and content design–can help surface and account for
some of these challenges. That said, future research is needed to understand how
effective the toolkit is in practice, and to surface other challenges that can only be
observed through actual use (rather than through our co-design and interview study
format). In the following subsections, we briefly discuss related findings and oppor-
tunities to improve the contextual design and use of the Situate AI Guidebook for
public sector settings.

Designing for more inclusive forms of worker participation.

While AI tools for public sector contexts implicate a range of different agency-internal
stakeholders, these agency workers—from agency leaders to frontline workers—
often operate in silos, separated by power imbalances and knowledge differentials.
We found that participants desired a range of particiation structures to account for
these differences. For example, some frontline workers wanted to first gather amongst
others with similar occupations to prepare for the deliberation workshop, and then
send in one frontline worker to attend the workshop and represent their perspec-
tives. On the other hand, other participants suggested that there should be an orga-
nizational policy that required all frontline workers to attend the deliberation work-
shops alongside the AI developers and agency leaders. Future work is needed to
understand the broader range of solutions that could best address these differences
in workers’ preferences. For example, future work could pilot different processes,
where agency workers are grouped in deliberation workshops in specified config-
urations depending on their role and background. Through observations and ret-
rospective interviews of these configurations, we could better understand whether
having a set of deliberation questions alone is adequate to prompt meaningful con-
versations. Future work could additionally explore how additional resources and
toolscould be used alongside the deliberation toolkit, in order to effectively scaffold
conversations around the appropriateness of AI design ideas. This direction would
be especially critical to pursue, in order to ensure that the deliberation toolkit is ac-
cessible to those who may not have had prior exposure to AI technologies.

Incentivizing and governing responsible use

Ensuring responsible use and adoption of the Situate AI Guidebook may require
complementary efforts from governing bodies. For example, while the U.S. does
not currently require public sector agencies to document early-stage deliberations
around AI, having similar forms of external forces that incentivize agencies to en-
gage in early-stage deliberation may help ensure that the deliberation toolkit is used
effectively. One way to incentive public sector agencies may be to clearly commu-
nicate how the toolkit aligns with and complements existing voluntary guidelines,
such as those in the NIST AI Risk Management Framework (RMF) [308]. While
the NIST RMF and NIST RMF Playbook [307] both focus on providing higher level
guidance on steps to follow for responsible AI design, research-based co-designed
toolkits like the Situate AI Guidebook can help bridge gaps between their proposed
policy guidance and real-world practice. In future work, we plan to map the guide-
book to the four functions captured in the AI RMF Core: Govern, Map, Measure,
and Manage. For example, each question or category of questions could be assigned
one or more of the AI RMF Core functions.
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In future work, we plan to explore with public sector agencies community advo-
cates, and other stakeholders how new policy and organizational interventions can
support them in using the Situate AI Guidebook. The public sector agencies in our
study, including the frontline workers, expressed interest in exploring how to use
the guidebook in practice through pilots.

6.5.2 Expanding the Situate AI Guidebook to Engage Community Mem-
bers

In public sector contexts, there is often a greater expectation that decisions center
the needs of the community, including by being transparent to and engaging with
the community during the decision-making process. In our study, participants ex-
pressed a desire for guidance on how to engage with community members in dis-
cussing complex topics around AI design. While the deliberation protocol is not cur-
rently designed to support such conversations, the current version poses questions
that suggest follow-up tasks involving conversations with community members. For
example, the question “Are we assessing the tool from the perspective of impacted
community members? What evidence do we have to suggest that we are genuinely
understanding their concerns and desires?” suggests that the agency should talk
with impacted community members to understand their perspectives–a task that
would require additional guidance and resources to complete successfully. Agency
workers acknowledge they are often pushed to involve community members in their
AI design work but without actionable guidance on how to do so effectively. Par-
ticipants suggested linking existing relevant resources from the guidebook, to assist
agencies in this regard. Moreover, community advocates in our study expressed
interest in engaging in the deliberation workshops themselves.

Future work should explore ways to improve the design, structure, and process
of the deliberation guidebook so that it is well-equipped to support conversations
between agency-internal workers and agency-external community representatives.
For example, to help bridge a shared vocabulary about AI between agency work-
ers and community representatives, future work could begin by integrating exist-
ing resources and guidance from publicly available guides like A People’s Guide to
Tech [330]. It is possible that the specific questions and topics this deliberation guide-
book addresses requires additional scaffolding and support. Future work should ex-
plore ways to provide this support through continued collaborations with commu-
nity advocacy groups. Community advocates in our study additionally expressed
interest in having both the option to attend in-person workshops and to participate
anonymously online. Future work could explore ways to support more democratic
forms of participation online using social computing platforms (e.g., [241]) intended
to facilitate and analyze deliberation about specific topics around AI.

6.5.3 Exploring how the Situate AI Guidebook Can Support Deliberation
in Non-Public Sector Contexts

While the Situate AI Guidebook was originally designed for high-stakes public sec-
tor decision-making domains, there is an opportunity to adapt it to meet the needs
of other AI use cases. Private and public sector settings share many organizational
challenges (e.g., communication barriers across teams and occupations) and devel-
opment tendencies (e.g., targeting problem spaces that AI capabilities may be ill-
suited towards), that could implicate the effective design of responsible AI toolkits.
Moreover, by designing for a setting with relatively high expectations and standards
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for responsible design (i.e., high stakes AI applications in the public sector), the Situate
AI Guidebook sets a high bar for the kinds of questions and processes that should
be followed to responsibly evaluate early-stage AI design concepts elsewhere. For
this reasons, we expect that the guidebook may be (at least partially) applicable to
other AI deployment contexts, including certain high risk applications in industry
(e.g., healthcare, credit lending).

Indeed, many of the questions that the participants generated are relevant to
AI deployment contexts beyond the public sector. Most deliberation questions tar-
get core issues relevant to all AI deployments (i.e., around the goals, ethical im-
plications, technical constraints, and governance practices surrounding an AI de-
ployment). Besides the deliberation questions, the design principles underlying the
guidebook may also help make the guidebook useful for non-public sector contexts.
Because the public sector agencies we partnered with differed in their organizational
practices (e.g., who is involved in decision-making around AI) and priorities (e.g.,
types of services provided), we intentionally designed the guidebook to allow for
flexible adoption and personalization. For instance, in designing towards Design
Principle 2, we categorized the questions into modular topics and subtopics that can
be selected and combined for a given deliberation workshop. There is an oppor-
tunity for future work to expand the set of labels attached to the deliberation ques-
tions. For example, participants described an interest in future versions of the toolkit
that categorized questions based on the type of technology (e.g., generative AI, pre-
dictive analytics), or the type of deliberation (e.g., individual assumption-checking,
knowledge-sharing, future task identification) that the question is intended to sup-
port. Future work could similarly aim to understand the types of questions that are
the most critical for certain AI deployment contexts (e.g., public sector social work,
private sector healthcare, etc.).

6.6 Conclusion

As public sector agencies in the U.S. increasingly turn to AI tools to increase the
efficiency of their services, it becomes critical to ensure these tools are designed re-
sponsibly. While much research and development efforts have been dedicated to
better scaffolding responsible AI development and evaluation practices, real-world
AI failures often point to fundamental problems in the problem formulation of an
AI tool–problems that should be addressed before proceeding with any decision to
develop an AI tool. Yet, we currently lack effective processes to support such early-
stage, deliberate decision-making in the public sector. This paper introduces the Sit-
uate AI Guidebook: the first toolkit that is co-designed with public sector agencies and
community advocacy groups to scaffold early-stage deliberations regarding whether or
not to move forward with the development of an AI design concept. Through co-
design sessions conducted over the course of 8 months, participants generated 132
questions which we organized under four high-level categories including (1) goals
and intended use, (2) social and legal considerations of a proposed AI tool, (3) data and
modeling constraints, and (4) organizational governance factors. In this paper, we elab-
orate on how participants’ practices, challenges, and concerns shaped the Situate
AI Guidebook’s guiding design principles, the deliberation questions they believed
were critical for early-stage decision-making, the overall organizational and team
decision-making process the guidebook should scaffold, and the success criteria
used to assess the effectiveness of the guidebook. We additionally discuss oppor-
tunities for future work to improve the design and implementation of the Situate AI
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Guidebook, including via continued partnership with public sector agencies in our
study, who plan to pilot how the guidebook can be used in their agency.
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Chapter 7

Improving AI Measurement

These chapters are taken from the following papers:

Anna Kawakami, Haiyi Zhu, and Kenneth Holstein. “AI Measurement as a Col-
laborative Design Practice: A Multidisciplinary Synthesis and Future Directions.”
Under review.

Anna Kawakami, Chloe Zhao, Renee Shelby, Fernando Diaz, Haiyi Zhu, and Ken-
neth Holstein. “‘I want to be pushed, I want to grow’: Enabling social workers to
design evaluations of LLM augmentation in their work.” In Proceedings of the 2026
AAAI/ACM Conference on AI, Ethics, and Society.
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Improving AI Measurement, Part 1

Framework for AI Measurement as a Collaborative Design Prac-
tice

This chapter is taken from the following paper:

Anna Kawakami, Haiyi Zhu, and Kenneth Holstein. “AI Measurement as a Col-
laborative Design Practice: A Multidisciplinary Synthesis and Future Directions.”
Under review.

Abstract. A growing body of research has called for more stakeholder collaborative
approaches to AI design and evaluation, where impacted stakeholders (with exper-
tise in the specific real-world contexts that AI systems are deployed) shape the de-
sign and evaluation of AI systems. However, much of this research has overlooked
a critical opportunity to engage stakeholders in shaping the underlying measurement
assumptions behind AI systems—made when translating from abstract, latent con-
cepts (e.g., “fairness”, “toxicity”) into practical approaches for measuring those con-
cepts, such as metrics, benchmarks, or LLM-based classifiers. In this paper, we aim
to guide nascent research that calls for more collaborative approaches to AI measure-
ment by learning from past work across disciplines that has engaged stakeholders
in measurement design, both within and beyond the context of AI. Based on a mul-
tidisciplinary literature review, we synthesize a methodological framework of key
dimensions that mediate stakeholder participation in measurement design. Using
this framework as a lens, we analyze existing approaches and identify opportunities
to inform the design of new approaches. We discuss how the framework can be ap-
plied to both assess and improve upon future approaches to engaging stakeholders
in AI measurement design.
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7.1 Introduction

As AI systems are rapidly deployed across a range of real-world contexts, a grow-
ing body of research has described how downstream harms can be attributed to up-
stream decisions around the goals, design, evaluation, and governance of AI systems
(e.g., [319, 336]). To address these challenges, the responsible AI (RAI) community
has called for more collaborative approaches to AI design and evaluation, where
impacted stakeholders—with expertise in the specific real-world contexts that AI
systems are deployed—play an active role in shaping the design and evaluation of
AI systems [31, 97, 283]. However, much of this research has overlooked a critical
opportunity to engage stakeholders in informing the underlying measurement deci-
sions that undergird the design and evaluation of AI systems.

RAI research shows that AI systems often fail in deployment due to inappropri-
ate measurement assumptions, made when translating from abstract, latent concepts
(e.g., “fairness,” “toxicity”) to practical approaches and instruments for measuring
those concepts—such as metrics, benchmarks, and LLM-based evaluators [201, 221,
254, 268, 346, 442]. For example, a widely used predictive tool in the US healthcare
system was found to dramatically underestimate the health needs of Black patients,
amplifying existing racial disparities in medicine [311]. This was a direct conse-
quence of the decision to use patients’ incurred healthcare costs as a proxy variable
for their actual need for care. Similarly, in social work, AI-based decision support
tools (and their evaluations) are frequently built on invalid measurement assump-
tions from community and worker perspectives [220, 395]. For instance, while so-
cial workers aim to assess immediate safety risks to a child, AI tools are designed to
predict the long-term risk that a child will be removed from their home by child ser-
vices [138, 221]. Researchers studying NLP technologies have found that unjusti-
fied measurement assumptions in benchmark design often contribute to misleading
evaluations [268], and those studying social media platforms have emphasized the
need to re-examine the measurement assumptions underlying recommender sys-
tems (e.g., inferring users’ level of “interest” in certain video content based on their
observed viewing time) [157, 402].

Measuring concepts such as “risk” [138, 221, 362], “fairness” of decisions [64,
149, 220, 387], “stereotyping” [34, 442], worker “well-being” [216, 259], or com-
munity members’ level of “need” for services like housing or healthcare [247, 311]
necessarily requires making value-laden assumptions about how these theoretical
concepts should be defined and operationalized into practical measurement instru-
ments [5, 201]. Yet, in current practice, measurement assumptions are rarely inter-
rogated or reasoned about with impacted stakeholders [221, 387]. Even when stake-
holders are involved at early stages of AI design, discussions tend to stay at a broad
conceptual level [247]. Non-technical stakeholders are commonly left out of the con-
versation when it comes time to decide how best to measure these concepts, in light
of both project goals and practical constraints such as data availability [181, 222, 247,
404]. Without stakeholder involvement, the design of measurement instruments is
often riddled with inaccurate assumptions that lead to downstream fairness, valid-
ity, and value alignment challenges [81, 153, 201, 202].

In this paper, we aim to guide nascent research on supporting more collabora-
tive approaches to AI measurement by drawing lessons from the broader literature
on stakeholder participation in measurement design. A growing body of research
has argued that measurement design should not be a task left to AI practition-
ers alone [201, 221, 281, 387, 442]. While researchers in RAI have recently begun
to explore methods to support more participatory approaches to AI measurement
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(e.g., [64, 175, 274, 387]), these efforts currently remain fragmented, without a uni-
fying lens to systematically understand challenges, opportunities, and differences
across approaches. Importantly, the Responsible AI community is not alone in ex-
ploring these challenges. Beyond the context of AI, there are rich, existing traditions
of stakeholder participation in the design of quantitative measurement approaches,
across a range of disciplines—from the social and life sciences, to philosophy of sci-
ence. As the RAI research community works to empower stakeholder participa-
tion in AI measurement, there is a critical opportunity (and responsibility) to draw
lessons from and build upon this multi-disciplinary literature.

The remainder of this paper is organized as follows: Following an overview of
existing research in AI measurement and collaborative measurement (Section 7.11),
we provide a conceptualization of measurement as a collaborative design process
(Section 7.3) with opportunities for stakeholder engagement across multiple tasks.
We then conduct a multidisciplinary literature review of existing approaches to sup-
porting stakeholder participation in each of these measurement design tasks (Sec-
tion 7.12). Based on our review, we first overview the landscape of past methodolog-
ical approaches (Section 7.5), and then synthesize a framework of methodological
dimensions to characterize, distinguish, and assess design trade-offs (Section 7.6).
Using our framework as a lens, we conduct an analysis of existing approaches to
stakeholder participation in measurement, and highlight opportunities for future
methodological innovation, to guide future RAI research (Section 7.7). We conclude
with a discussion on how our framework can be adopted to support more collabo-
rative approaches to AI measurement in practice (Section 7.14). Overall, by bridging
lessons from a multidisciplinary literature, this paper provides a methodological
framework and roadmap for future research and practice to advance more collabo-
rative approaches to AI measurement.

7.2 Background

In this section, we first elaborate on the relationships between measurement and AI,
briefly overviewing existing work that has called for adopting a measurement lens to
better understand AI issues and failures (Subsection 7.2.1). We then provide context
on historical motivations for empowering stakeholders in shaping measurement de-
cisions, beyond the context of technology design, as well as emerging efforts within
the RAI and adjacent communities to support stakeholder participation in measure-
ment for AI applications (Subsection 7.2.2).

7.2.1 AI and Measurement

Developing, evaluating, and governing AI systems often requires translating ab-
stract, unobservable concepts into measurement instruments—i.e., practical procedures
and/or artifacts that operationalize a given concept into measure(s) [5, 201, 442].
Measurement instruments are pervasive across the AI development lifecycle, from
the design of an AI system (e.g., choices of proxy variables aimed at measuring a la-
tent concept in a predictive model [149]) to the evaluation of AI systems (e.g., metrics
and benchmarks to measure model performance [442]) to tools intended to support
AI governance (e.g., impact assessments that aim to measure potential downstream
harms of AI systems [202]). Despite their pervasiveness, current practice in AI rarely
acknowledges—much less, grapples with—the contestable, value-laden nature of
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the measurement decisions being made. For instance, ML researchers and practi-
tioners seldom explicitly define the underlying meanings of latent concepts that a
measurement instrument is intended to operationalize, obscuring what exactly is
being measured [442].

There is growing recognition in the RAI research community that inappropriate
measurement assumptions during AI development often lead to real-world harms
and failures to deliver promised benefits [81, 150, 201, 221, 281, 319, 346, 362]. In
response, recent years have seen calls for increased attention to measurement and
validity challenges in AI design (e.g., [81, 201, 336]), evaluation (e.g., [72, 149, 268,
442, 473]), and governance (e.g., [202]). For instance, researchers have described
how fairness issues in AI systems can be better understood through adopting the
language of measurement modeling [202]. Others have problematized how exist-
ing approaches to measuring “risk” in risk assessment algorithms used across high-
stakes decision-making contexts (e.g., in child welfare, criminal justice) portray a
misleading and biased understanding of the factors that shape stakeholder outcomes
and decisions [362]. More recently, researchers have called for interrogating and
improving the validity of generative AI evaluation practices through a framework
grounded in measurement theory from the social sciences [442]. In this paper, we
extend this body of scholarship by conceptualizing measurement in AI as a collab-
orative design process, and exploring how stakeholder participation throughout this
design process can help overcome current measurement challenges.

7.2.2 Stakeholder Participation and Measurement Design

The measurement issues faced by the AI community closely parallel challenges other
academic disciplines have long grappled with. In Seeing Like a State, James C. Scott
revisits the formation of central governments to critically examine large-scale, state-
driven social engineering projects [368]. These projects intended to make society
more “legible” and governable by standardizing local practices into quantifiable
measures. Scott argues that these standardization efforts reduced and distorted the
complexity of local practices, making obsolete the practical and experiential knowl-
edge (referred to as metis) that was central to the functioning of local communities.
Stepping through several real-world examples of state failures—from the introduc-
tion of standardized forestry systems that led to long-term ecological degradation
and soil depletion, to the implementation of new indicators for agricultural produc-
tivity that led to decreased farming efficiencies and food shortages—Scott concludes
there is “no single, all-purpose, correct answer to a question implying measurement
unless we specify the relevant local concerns that give rise to the question” [368].

Scott’s historical accounts of failures point to the importance of experiential, lo-
cal knowledge and decentralized governance processes in developing interventions
that align with the actual needs and practices of communities. These lessons are car-
ried through today by pockets of research and practice, spanning a range of disci-
plines, that have explored techniques for stakeholder participation in measurement
design (e.g., [8, 75, 121, 159, 278, 309, 381]). While measurement issues have been
discussed using different terminology across these research communities, supported
by different processes and techniques, they converge in their premise that measure-
ment should be a design process involving collaboration between stakeholders with
diverse expertise, beyond just technical experts.

In the RAI community, efforts to support stakeholder participation in AI mea-
surement are still nascent. Past work in the area of “participatory AI” has rarely
engaged stakeholders in interrogating and shaping AI measurement assumptions.
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For example, while past work has engaged stakeholders in considering what model
features should be used to predict an observable outcome (e.g., “cost of care”), stake-
holders are not typically invited to question the measurement assumptions behind
a predictive model—such as how well the outcome variable measures what it is in-
tended to measure (e.g., “healthcare need”). However, a small but growing body
of research has begun to explore methods for stakeholder participation specifically
in AI measurement (e.g., [64, 175, 245, 274, 387]), such as workshop techniques that
engage stakeholders in identifying metrics that can better capture their own expe-
riences of fairness in recommender system evaluations [387] or interfaces aimed at
soliciting stakeholders’ notions of statistical fairness in specific real-world contexts
(e.g., [64, 274]).

Strengthening the responsible AI research community’s efforts to advance par-
ticipatory approaches to AI measurement requires a systematic understanding of
the challenges, opportunities, and differences across approaches. As the research
community continues to explore this space, it is critical that we learn from and build
upon the rich body of existing literature on supporting stakeholder participation in
measurement design, beyond the specific context of AI development. Our work con-
tributes to the literature on participatory AI by drawing lessons and insights from
past work across disciplines, with the aim of guiding future methodological explo-
rations in the RAI community.

As discussed in the next section, in this paper we conceptualize AI measurement
as a collaborative design process. Inspired by traditions in co-design, participatory
design, participatory research, and related areas, work in the broader area of partici-
patory AI has called for a shift toward more collaborative approaches to stakeholder
participation in AI development [33, 98, 411] that position non-technical stakehold-
ers as genuine collaborators who bring complementary expertise to a design process
and who directly participate in design decisions [112, 438]. Such an approach stands
in contrast to more consultative approaches, where stakeholders may be consulted
but not engaged as active designers, and power over design decisions is concen-
trated in the hands of AI developers [14, 98]. Our work addresses these broader
calls with a specific focus on stakeholder participation in AI measurement design.

7.3 Measurement as Collaborative Design

In this section, we introduce the Measurement Design Lifecycle (Figure 7.1), a concep-
tualization of measurement in AI as a collaborative design process. Drawing on
existing theoretical conceptualizations of both design [54, 98, 112, 365] and measure-
ment [5, 8, 201], we conceptualize measurement design as a lifecycle including four
main tasks, which are completed in an iterative (i.e., involving a cyclical process of
ideation, feedback, and refinement) and non-linear (i.e., revisiting prior tasks and de-
cisions, as needed) manner. As shown in Figure 7.1, the four tasks include: Goal
and concept identification, Systematization, Operationalization, and Implementa-
tion. Our subsequent analyses of existing approaches to stakeholder participation
(Section 7.5), along with challenges and opportunities (Section 7.7), are grounded
in this conceptualization of measurement design. In line with past work on co-
design [356], in the remainder of this section we refer to anyone engaged in the
measurement design process as an active designer–including both AI and non-AI
expert stakeholders–using the shorthand “designers”.

The design process begins with Goal and Concept Identification. This task in-
volves determining the overall goals for measurement [98, 112], including how the
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FIGURE 7.1: The Measurement Design Lifecycle, derived from a synthe-
sis of existing frameworks of both design and measurement.
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resulting measurements will be used. This task also involves identifying the latent
concept(s) to be measured (e.g., “‘toxic language”, “wellbeing”, “equitable health-
care service”). The next task, Systematization, involves taking these abstract, high-
level concept(s) and more precisely defining what they are intended to capture [5,
442]. This process may involve any number of activities such as crafting abstract
definitions, curating concrete examples to help define the boundaries of a concept,
or constructing diagrams to clarify the interrelationships between subconcepts or
related concepts. Importantly, as illustrated in Figure 7.1, systematization involves
an iterative design cycle in which designers sketch out one or more potential system-
atizations of a concept, interrogate the systematization(s) (e.g., by attempting to poke
holes in definitions and identifying opportunities for refinement), and then iterate
on the systematization(s) as needed [54, 365]. During this process of attempting to
define identified concepts, it is not unusual for designers to realize that they need to
reconsider not only their systematizations, but also decisions made at the previous
task, including what concept(s) to target or even what the overall goals of measure-
ment should be [5]. For example, through systematizing a concept, a designer may
realize that the high-level concepts they had identified initially are unlikely to help
them achieve their overall goals, or that their goals may need reformulation. Fig-
ure 7.1 shows this potential for non-linearity via dotted, backwards-facing arrows
between tasks.

Building on the systematizations developed in the previous task, Operational-
ization explores the design of practical measurement approaches and instruments
to capture these concepts [5, 201, 319]. In line with theoretical notions of design as
a “conversation” or “negotiation” with the materials at hand [276, 365], designers
must ideate possible ways to operationalize a systematized concept in light of prac-
tical resource constraints (e.g., currently available or feasibly collectible data). As
in the previous task, operationalization involves an iterative design cycle in which
designers sketch out one or more ideas for potential operationalizations, interrogate
these candidate operationalizations (e.g., by identifying potential validity concerns),
and then iterate as needed. Once again, through the process of exploring potential
operationalizations of a concept, designers may realize that they need to revisit de-
cisions made at earlier tasks of the measurement design lifecycle [5]. For example,
in the process of exploring potential proxy variables for their concept of interest,
a designer might come to the conclusion that all possible candidate proxies raise
unacceptable validity issues. In this scenario, the designer would ideally consider
whether their original measurement goals need to be revised, or whether targeting
alternative concepts might enable them to achieve their initial goals.

Finally, during Implementation, designers develop guidance for how the result-
ing measurement approaches and instruments should be used in practice, such as
how measurements should be interpreted and used to guide decision-making [159].
Such guidance may be iteratively refined based on observations as a measurement
approach is piloted or deployed in real-world contexts. As in previous tasks, this
process of thinking through policies and guidance for use may prompt a designer to
revisit design decisions made during prior tasks.

As argued above, addressing AI’s measurement challenges requires a shift to-
ward treating measurement itself as an inclusive and collaborative part of the AI
lifecycle, rather than a set of top-down decisions made exclusively by technical ex-
perts. Each activity within this iterative design process presents an opportunity
for stakeholder collaboration. In the following sections, we draw insights from
past efforts to engage non-technical stakeholders in AI measurement, and identify
opportunities to advance research and practice in this space.
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7.4 Methods

Making this turn toward more collaborative approaches to measurement in AI presents
a critical opportunity for the Responsible AI community to learn from existing ap-
proaches across disciplines, both within and beyond the context of technology de-
velopment. In this section, we describe how we developed our multidisciplinary
corpus of papers, as well as how we used the measurement design lifecycle (Fig-
ure 7.1) to organize and analyze methodological approaches across disciplines.

7.4.1 Corpus Development

To develop our corpus of papers, we collected a set of research papers and grey
literature (e.g., white papers from nonprofits) that describe or motivate methods
for stakeholder participation in measurement. We searched for papers that support
stakeholder participation for any latent concept and any application, not limited to tech-
nology design. Following prior reviews of participatory approaches to AI (e.g., [98]),
we searched for papers that include any form of stakeholder participation. We con-
sider stakeholders to include anyone who is asked to participate given specific ex-
pertise they bring to a measurement design process, beyond only quantitative or
technical expertise, that the general population may not have (e.g., individuals with
situated expertise relevant to the measurement application context). Appendix C.1
includes details on our search queries. To identify these papers, we first searched
for relevant articles in conference and journal proceedings of the ACM Digital Li-
brary, IEEE Xplore Digital Library, Wiley Online Library, and SpringerLink. We se-
lected these digital libraries to ensure the inclusion of major disciplines that have
progressed work on measurement and participation, including the social sciences,
statistics, computer science, HCI, health, education, and the physical sciences. We
also used the same keywords (Appendix C.1) on Google Search to find relevant non-
academic articles. We identified additional papers based on our team’s knowledge
of potentially relevant papers, and via forward and backward citation chaining (e.g.,
following citations within identified papers).

Our search yielded an initial corpus of 133 articles. We reviewed the query re-
sults to identify a final set of relevant articles that met our inclusion criteria, which
was developed through iterative discussions around a sample of 20 papers from our
initial corpus. First, to qualify for inclusion in our final corpus, papers needed to (1)
engage stakeholders with the explicit end goal of designing measurement approaches or
instruments, including any activity in the Measurement Design Lifecycle (Figure 1). For
example, papers soliciting stakeholder notions of an unobservable construct without
stating an intention to use this information to inform the design of measurements
for that construct would be excluded. Similarly, a paper that supports stakeholder
participation in identifying features that can help in the prediction of an observable
variable (e.g., click-through rate, video watch time, number of words, occurrence of
wildfires) with no stated intention to measure a latent construct, would be excluded.
As a second inclusion criterion, papers needed to (2) propose or explore a new tech-
nique for stakeholder participation, or a new variation on an existing technique. Our
third criterion was that papers must (3) engage people in shaping measurement ap-
proaches and instruments that are intended for common use by multiple individu-
als, rather than just one. This means that, for example, papers that engage people
in personalizing an algorithm’s behavior to their individual preferences (e.g., cus-
tomizing a music recommendation algorithm or an algorithmic news feed) would
not be included, given that the goal is not to design a measurement instrument that
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can be used by others. Finally, our last criteria was that the paper must (4) include
an empirical case study demonstrating the instantiation of the technique. The paper
could include a singular end-to-end case study or multiple case studies that demon-
strate different portions of the proposed technique. Papers that only present a high-
level conceptual overview of the technique without an empirical demonstration of
how the technique was used in practice were removed. Appendix C Figure C.1 de-
tails the number of papers removed from the corpus for each exclusion criterion.

Our final corpus included 39 articles published across a range of disciplines, in-
cluding HCI, design, ML, political science, statistics, psychology, healthcare, educa-
tion, dentistry, agriculture, sustainability, ecology, food safety, and community plan-
ning. Table 7.1 includes a distribution of years and higher-level disciplines covered
in our final corpus, and Appendix Table C.3 includes the 39 articles.

Item Count of Papers

Year 2000 (1), 2001 (1), 2003 (1), 2006 (1), 2008 (2), 2009 (1), 2010
(2), 2011 (1), 2014 (2), 2015 (1), 2016 (1), 2017 (1), 2019 (1),
2020 (4), 2021 (4), 2022 (3), 2023 (4), 2024 (5), 2025 (2)

Discipline Health and Medicine (11), Social Sciences and Policy (11),
HCI and Design (8), Sustainability and Agriculture (4), Re-
sponsible AI (2), Machine Learning (2), Philosophy of Sci-
ence (1)

TABLE 7.1: Metadata about the papers in our corpus.

7.4.2 Analysis

We conducted two phases of analysis. First, we analyzed the 39 papers to under-
stand the breadth of approaches represented in our dataset. This informed our
overview of existing approaches (Section 7.5). Drawing on this analysis, we syn-
thesized a framework of dimensions and use it as a lens to enrich our analysis of the
39 papers in our corpus (Section 7.6 and 7.7). Below, we elaborate on our analysis
approach.

Initial analysis of approaches. Our first goal in analyzing the 39 papers was to
understand the breadth of methodological approaches proposed across disciplines,
challenges, and trade-offs across approaches, and opportunities for methodological
innovation. At least two members of our researcher team reviewed each paper in the
corpus. One researcher took multiple passes of each paper to characterize the overall
approach(es) the paper used; the researchers’ goals for using that approach; and the
measurement design task(s) the approach(es) support. In addition, for each paper,
the researcher identified strengths, challenges, and trade-offs of the approach(es),
with respect to its potential to support truly collaborative approaches to measure-
ment design, beyond stakeholder consultation [14, 98]. The second researcher then
reviewed each paper to identify additional insights and points of disagreement with
the first researcher. The two researchers discussed and resolved any points of dis-
agreements, revising the analysis accordingly.
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Synthesis & application of a new framework Our analysis of existing approaches
informed the development of a set of eight dimensions that collectively character-
ize a methodological design space for participation in measurement (Section 7.6). In
particular, using a constant comparative approach [151], two researchers iteratively
discussed definitions and examples of the eight dimensions, drawing on the re-
view of existing approaches and on frameworks for participation in design more
broadly (e.g., [98, 112, 345]). Using these eight dimensions, we systematically ana-
lyzed methodological design decisions across approaches in our paper corpus (Sec-
tion 7.7). First, one researcher applied the framework to code whether each ap-
proach in the corpus rated “low,” “medium” or “high” on each of the applicable
eight dimensions. We include examples of the types of activities scoring “lower”
or “higher” on a given dimension in Section 7.6. The second researcher then re-
viewed the coding to identify any areas of disagreement; disagreements were re-
solved through discussion with the first researcher.

7.5 Approaches to Participation Across the Measurement De-
sign Lifecycle

To concretely illustrate how stakeholders can be engaged at each phase of measure-
ment design, we begin by presenting a small sample of approaches from our corpus.
Our goal in this section is to sensitize the reader to a diversity of concrete approaches
proposed by prior literature, before abstracting to higher-level dimensions that char-
acterize these approaches in the next section. We include the count of papers in our
corpus that supports stakeholder participation in a given measurement task. Of the
39 papers in our corpus, only eight papers support more than one task.
Task 1: Collaborative Identification of Measurement Goals and Concepts (4 pa-
pers). Prior approaches have engaged stakeholders in shaping overall measurement
goals through surveys, interviews, and both individual and group co-design activi-
ties. For instance, the Community KPIs approach (P7) involves local citizens in defin-
ing measurement goals and corresponding indicators (KPIs) to help evaluate smart
city IoT deployments [159]. In the first stage of this process, citizens participate in
a workshop where they collectively define what “success” for a given deployment
looks like from their perspectives. As preparation for this brainstorming activity,
workshop participants begin by discussing potential benefits and harms of the IoT
use case, including undesirable outcomes and potential to positively impact citizen
lives. In subsequent phases of measurement design, practical approaches are de-
signed to monitor the success criteria that emerge from this phase.
Task 2: Collaborative Systematization of Concepts (17 papers). Prior work has
explored a range of approaches to collaboratively define high-level concepts. For
example, some approaches engage stakeholder expertise to understand individuals’
experiences and boundaries around a concept, while others focus on situating the concept
within broader systems:

• Iteratively co-developing a grounded theory: Paper P31 engaged multiple
stakeholder groups—individuals with lived expertise in poverty, practition-
ers from a UK-based anti-poverty charity, and academic scholars with exper-
tise in wellbeing—in co-producing a theory for “thriving” as a foundation
for the design of measures of financial hardship in the UK [8]. To collabora-
tively develop this theory, individuals across the three stakeholder groups first
conducted relational interviews with one another to better understand what
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“thriving” meant to someone outside of their own stakeholder group. The re-
searchers then analyzed the interview transcripts and presented their initial
systematization of “thriving” back to stakeholders. Stakeholders engaged in
debate and collaborative refinement to ensure the systematization accurately
reflected their notions of “thriving.”

• Collaboratively constructing system diagrams:. In paper P33, researchers en-
gaged stakeholders in systematizing the concept of “wellbeing” to guide fu-
ture efforts to develop a national wellbeing index for Ireland [166]. The re-
searchers conducted multiple workshops with stakeholders—including older
adults, younger adults, children, and attendees of a wellbeing conference. Given
the researchers’ goal of creating an index that would be useful in guiding action
to improve national wellbeing, they adopted a systems science approach (In-
teractive Management) to understand systemic influences on wellbeing. For
example, in one activity, stakeholders collectively created a map of systemic
barriers to wellbeing that they perceived, along with causal interrelationships
among these barriers. This system understanding guided later efforts to oper-
ationalize an actionable index.

Task 3: Collaborative Operationalization of Concepts (28 papers). Prior work has
explored a range of approaches to engage stakeholders in operationalizing unob-
servable concepts into measurement instruments. Beyond the sorts of structured
elicitation approaches used in past HCI and RAI research—such as pairwise compar-
ison tasks to elicit stakeholders’ fairness notions [64, 392]—past work has explored
more collaborative and flexible modes of stakeholder participation:

• Supporting open ideation and discussion of potential operationalizations:
The Everyday Peace Indicators approach (P22) engages local community mem-
bers in generating ideas for observable indicators that can be used to measure
and monitor “peace” in their specific community contexts [278]. Community
members engage in focus groups, where they are asked to generate a large
list of indicators that they already use to informally gauge the current level of
“peacefulness” in their communities—such as the frequency of gunshots over-
heard, the level of responsiveness of security/police to reports, or increases
in unlicensed drinking establishments. In a next round, community members
then collaboratively refine the generated list of indicators, adding and remov-
ing items as they see fit based on discussion, and voting on the importance of
indicators.

• Helping stakeholders interrogate the quality of potential operationalizations:
Some approaches have explored how to support stakeholders in more effec-
tively interrogating the quality of potential operationalizations, to inform itera-
tion and refinement. For example, prior work has explored the design of inter-
active interfaces and “what if” simulations (P21, P35, P36) to help stakeholders
understand the potential implications of specific operationalization decisions
for validity [175], fairness and value-alignment [64, 274], or usefulness [175].

Task 4: Collaborative Implementation of Measurement Instruments (3 papers). In
a later step of the Community KPIs approach mentioned above [159], local citizens
participate in a workshop to design an “observational system” to support the ac-
tual collection of measurements, using the measurement instruments they previously
co-designed (P7). The workshop involves community representatives, optionally
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alongside researchers and designers, in deciding how co-designed measurement ap-
proaches should be implemented in practice (e.g., at what intervals measurements
should be collected and who will be accountable for collecting measurements).

7.6 Dimensions of Collaboration in Measurement Design

In this section, we present a framework of eight dimensions to characterize, assess,
and compare across different approaches to supporting stakeholder collaboration in
measurement. Each dimension captures a design property that can either facilitate or
hinder a truly collaborative approach to measurement design. The first six dimensions
can be used to characterize participation in specific measurement design tasks, such
as systematization or operationalization. They include the following:

• Expressiveness: How much freedom are stakeholders provided to share their
expertise, in a given measurement design task? For example, are participants
able to express their perspectives and ideas in any form they desire (higher
expressiveness), or are they asked to “fit” their responses into pre-defined cat-
egories and options (lower expressiveness)?

• Directness: How much interpretation must technical experts do on stakehold-
ers’ behalf to make their inputs usable? For example, can technical experts sim-
ply take the final outputs of participatory activities into the next design task
as-is (higher directness)? Or must they make additional assumptions about
how to interpret or implement stakeholder inputs after stakeholders have left
the room (lower directness)?

• Evaluability: To what extent are stakeholders empowered to evaluate the qual-
ity of their own or others’ ideas? For example, are they presented with in-
formation and representations that enable them to assess the alignment of an
operationalization against their own unique expertise and knowledge of a do-
main (higher evaluability)? Or are they only presented with decontextualized,
aggregate statistics that are difficult to connect with their own experiences
(lower evaluability)?

• Iterativeness: To what extent are stakeholders able to iterate on their responses?
For example, are stakeholders given an opportunity to assess the quality of a
proposed operationalization, and then to iterate as needed (higher iterative-
ness)? Or are stakeholders asked to develop their ideas in “one shot” (lower
iterativeness)?

• Collectiveness: To what extent do participants have opportunities to learn
from other stakeholders’ expertise? For example, are stakeholders able to dis-
cuss, critique, and build upon others’ ideas (higher collectiveness), or do stake-
holders contribute independently, in isolation from one another (lower collec-
tiveness)?

• Scalability: How readily can a given activity be used to collect, interpret, and
use larger numbers of participant inputs—whether inputs from larger num-
bers of people, larger numbers of inputs per person, or a combination of these
factors? For example, can technical experts automatically collect and use re-
sponses from large numbers of stakeholders (higher scalability)? Or are there
human constraints, such as a requirement for human facilitation or extensive
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deliberation among stakeholders, that work against large-scale participation
(lower scalability)?

While our first six dimensions capture properties of specific measurement design
tasks, the last two dimensions characterize the overall approach to participation
taken in a paper, which may span multiple design tasks:

• Comprehensiveness: To what extent are non-technical stakeholders involved
throughout the measurement design lifecycle? Are stakeholders involved across
every design task (higher comprehensiveness), or only in certain tasks, while
decisions in other design tasks are made on their behalf (lower comprehen-
siveness)?

• Non-linearity: To what extent can stakeholders revisit prior decisions, made
in earlier tasks within the measurement design lifecycle? For example, during
operationalization, is there space to reconsider the overall goals for measure-
ment or the definitions of concepts (less linear), or are participants required
to proceed with operationalization of the previously identified concepts (more
linear)?

7.7 Methodological Observations & Opportunities

In this section, we demonstrate how the framework described in Section 7.6 can
be applied to systematically characterize and compare different approaches to par-
ticipatory measurement design. In doing so, we identify a set of eight observa-
tions about existing methodological approaches in our corpus. Drawing implica-
tions from these observations, we present opportunities to develop more collaborative
approaches to stakeholder participation in measurement, including by (1) support-
ing more comprehensive and non-linear participation across the measurement de-
sign lifecycle (Subsection 7.7.1); (2) engaging stakeholders in more iterative design
processes, supported by mechanisms that support greater evaluability of measure-
ment design ideas and collectiveness in developing and evaluating ideas (Subsec-
tion 7.7.2); and (3) exploring ways to avoid sacrificing expressiveness of stakeholder
participation in favor of supporting scalability or directness (Subsection 7.7.3). Across
this section, we include counts (X/Y, Z%) to indicate the proportions and percent-
ages of papers in our corpus represented by each finding.

7.7.1 Opportunities to Support Participation Across the Measurement De-
sign Lifecycle.

We found that most papers in our corpus engaged stakeholders in isolated design
tasks such as operationalization, without opportunities to revisit past design deci-
sions and assumptions. Furthermore, very few papers engaged stakeholders in “big
picture” decisions such as determining the overall goals of measurement in a given
context and shaping how a measurement instrument will ultimately be used in prac-
tice. Based on these observations, we discuss opportunities for future research to
support more comprehensive and non-linear modes of participation in measure-
ment design.
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OBSERVATION 1: Participation in isolated measurement design tasks, with no
opportunity to revisit past decisions and assumptions.

In terms of comprehensiveness, the vast majority of papers support stakeholder
participation in only one of the four tasks of measurement design (31/39, 79%).
There are four exceptions (P7, P19, P36, P37) which take a more comprehensive ap-
proach, all of which support three or more tasks. Of these four papers, only one
(P36) supports a non-linear approach, supporting stakeholders in iterating between
tasks. This aligns with a broader trend among papers in our corpus: All but one of
the papers in our corpus followed a linear design process, where stakeholders had
no opportunities to revisit and refine decisions made in prior tasks. This includes re-
visiting both their own prior decisions and those made by researchers, such as what
to measure or which measurement goals and concepts to use. An exception is P36,
in which stakeholders were engaged in revisiting their prior systematizations (Task
2) based on observations at the operationalization stage, as well as revisiting their
prior operationalizations (Task 3) based on observations from the implementation of
those measurement instruments (Task 4).

OBSERVATION 2: Minimal coverage in the earliest and latest tasks

We also observed that the majority of papers in our corpus engage stakeholders
in collaborative operationalization (28/39, 72%), followed by collaborative system-
atization (17/39, 44%). In contrast, relatively few papers support the collaborative
identification of measurement goals and concepts (4/39, 10%) or collaborative im-
plementation (3/39, 8%). Only four papers (P2, P7, P36, P37) involved stakeholders
in deciding the goals of measurement. Similarly, only three papers (P7, P19, P36) in-
volved stakeholders in later-stage decisions around how to apply measurements to
a use context (e.g., what thresholds to consider, how to interpret measurement out-
comes, how often to collect measures).

OBSERVATION 3: Approaches tend to engage stakeholders in either systemati-
zation or operationalization, but not both.

Out of the 17 papers that involved stakeholders in systematization, most did not in-
volve stakeholders in operationalizing the systematized concepts afterwards (10/17,
59%). Instead, technical experts often took on the task of translating these concepts
into implementable measurement approaches, without further stakeholder involve-
ment. In the six papers (P11, P17, P19, P31, P37, P39) where stakeholders are in-
volved in both systematization and operationalization, they are often only involved
in ideating operationalizations without opportunity for feedback and refinement
(P11, P17, P19, P31) or only involved in validating operationalizations that technical
experts made themselves without opportunity for ideation of new operationaliza-
tions (P37, P39). One paper (P39) presents an exception, where stakeholders are
involved in the full process of ideation, assessment, and iteration in both the sys-
tematization and operationalization tasks. Meanwhile, out of the 28 papers that in-
volved stakeholders in operationalizing a concept, most immediately moved ahead
to operationalization rather than engaging stakeholders in a dedicated systematiza-
tion step to define and clarify the concepts to be operationalized (21/28, 75%).
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IMPLICATIONS & OPPORTUNITIES

Overall, these findings suggest opportunities for future methods to support more
comprehensive and non-linear stakeholder participation across the measurement
lifecycle. Supporting flexible participation across design tasks has potential to yield
fundamentally different design outcomes. When technical experts design measure-
ment approaches, the process is inherently messy and non-linear. Insights from a
given measurement design task often inform revisions to prior design decisions [5,
150]. Future work should enable stakeholders to gather and act upon similar in-
sights. For example, in the process of trying to operationalize a systematized con-
cept, stakeholders may realize that there are important gaps in their systematiza-
tion, leading them to reconsider what it is that they truly wish to measure. Sim-
ilarly, through the process of exploring potential operationalizations, stakeholders
may realize that it is not practically feasible to develop an operationalization that
they would consider adequate to capture their notions of a given concept [150]. In
this scenario, rather than simply pushing ahead with potentially problematic oper-
ationalizations, they may wish to “pivot” by revisiting their overall goals for mea-
surement, which specific concepts to measure given these goals, or how exactly to
define those concepts. It remains an open question how best to support and encour-
age fluid transitions between different measurement design tasks, while minimizing
the time and effort costs of non-linear design exploration (cf. [409]).

Relatedly, as Observation 2 describes, papers in our corpus rarely engaged stake-
holders in more fundamental decisions about whether and why to measure in the first
place and how measurement approaches should actually be used in practice. These
observations mirror trends documented by Delgado et al. in the broader literature
on “participatory AI” [98]. As our community advances new methods for stake-
holder participation in measurement design, it will be critical to ensure that these
larger decisions are on the table for discussion.

Finally, these findings speak to opportunities to develop methods that more closely
integrate stakeholder participation across systematization and operationalization.
Past Responsible AI research has observed that ML researchers and practitioners of-
ten entirely skip systematization as a step in measurement. Researchers have called
for greater attention to systematization, and have suggested that systematization
represents a critical opportunity for stakeholder participation [442]. We observe a
similar trend among papers in our corpus that engage stakeholders in operational-
ization (Observation 3): Papers that engage stakeholders in operationalizing a given
construct often do not engage them in first systematizing the concept. We also ob-
serve that, among papers that do engage stakeholders in systematization, this is
often done in place of engaging stakeholders in operationalization. Yet past research
suggests that designing more valid measurement instruments that can effectively
capture stakeholders’ notions of a given concept requires continued stakeholder in-
volvement in operationalization—a stage at which many consequential design deci-
sions must be made, for example, to account for data limitations and other practical
constraints [150, 175, 221, 311, 346]. Even with a comprehensive understanding of
non-technical stakeholders’ beliefs and preferences regarding an unobservable con-
cept, operationalizing this understanding into practical measurement instruments
presents many opportunities to misrepresent stakeholder perspectives. Future work
should explore ways to support stakeholder participation in both systematization
and operationalization as part of an integrated, iterative process.
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7.7.2 Opportunities to Support Iterative Ideation & Assessment in Mea-
surement Tasks.

Overall, we observed that papers in our corpus often do not support stakeholders in
iterating within a given design task. For instance, while several papers in our corpus
provided space for stakeholders to weigh measurement design alternatives, few em-
powered them to meaningfully assess the quality or feasibility of design ideas. Even
fewer provided opportunities for stakeholders to use such assessments to iteratively
update and refine their ideas. Based on these observations, we discuss opportunities
for future research to support more iterative modes of participation.

OBSERVATION 4: Stakeholders are rarely empowered with knowledge of rele-
vant practical constraints to generate design ideas that are implementable in prac-
tice

Empowering stakeholders to make design decisions that can directly be used in
practice (directness) requires that they are sensitized to relevant data considerations
and other practical constraints when ideating and assessing design ideas. Among
papers in our corpus, we found that only one paper (P36) sensitized stakeholders to
relevant design constraints during systematization and operationalization. We ob-
served some cases where stakeholders raised potential practical constraints through
the process of ideating potential operationalizations, for example, the feasibility of
collecting specific types of data. However, stakeholders were not provided with an
opportunity to iteratively refine the operationalized concepts based on these new
considerations that they raised through ideation. For example, in P16, stakeholders
engaging in a workshop discussion of potential operationalizations of trout “wel-
fare” raised critical considerations around the feasibility of specific measurement
ideas, given practical implementation constraints like the feasibility of measuring
water quality as an indicator in every fish farm as an indicator of trout welfare.
While these discussions created an opportunity for stakeholders to grapple more
deeply with real-world constraints around measurement, the lack of explicit feed-
back from researchers on what these data constraints include or how to go about
addressing them left the workshop without actionable outcomes (though the work-
shop advanced on other fronts). In other cases, technical stakeholders reflected on
the need for future work to better sensitize stakeholders to data constraints, after
finding that stakeholders’ ideas for how to operationalize a given concept cannot
be directly used in practice. For example, P19 involved stakeholders in a work-
shop to identify definitions, goals, and measurements for “fairness.” To help assess
these measurement ideas, participants were asked to discuss “tradeoffs and chal-
lenges” together. This led participants to discover two competing desires for fair-
ness measurements, but lacked guidance to understand how this trade-off should
be accounted for when designing a measure. Similarly, in P04, researchers invited
non-technical-stakeholders (e.g., teachers, students) to workshops to design evalu-
ation metrics for datasets used in AI deployments in education. Upon reflecting
on their workshop study, the researchers discussed how non-technical stakeholders
were unable to articulate concrete ideas for new metrics, despite recognizing limita-
tions in existing status quo metrics used in their context, and technical stakeholders
were unable to make teachers’ measurement design ideas into actionable data spec-
ifications.
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OBSERVATION 5: Stakeholders receive limited support in evaluating design ideas

To support design iteration, it is critical that stakeholders are empowered to eval-
uate the quality of their own or others’ design ideas (evaluability). However, in
the context of designing measurement instruments, it can be challenging for stake-
holders to fully assess design ideas without additional support. For example, when
comparing a set of alternative operationalizations—whether quantitative metric def-
initions or natural language prompts for LLM-based metrics—it can be challenging
for stakeholders to anticipate the consequences of different operationalization deci-
sions in downstream application contexts. Many papers in our corpus (25/39, 64%)
provided space for stakeholders to weigh measurement design alternatives. Yet we
found that relatively few papers (3/39, 8%) empowered stakeholders to evaluate the
quality of measurement design ideas based on their unique knowledge and exper-
tise (evaluability).

A handful of papers in our corpus presented stakeholders with interactive repre-
sentations aimed at helping them explore potential downstream implications of al-
ternative operationalization decisions (3/39, 8%). P21 and P35 provided participants
with interactive visualizations that allowed them to examine how alternative statis-
tical fairness metrics would behave across demographic groups, using either real
or simulated data. In P35, participants could explore how different operationaliza-
tion decisions would impact fairness judgments both at a distributional level (e.g.,
examining rates of false positives and false negatives across demographic groups)
and through instance-level comparisons (e.g., allowing stakeholders to examine to
what extent individuals with “similar” demographic profiles are treated similarly).
In both P21 and P35, these interfaces supported participants in understanding how
well different operationalizations aligned with their own notions of what it means
to be statistically fair in a given real-world decision task. Similarly, P36 used past log
data from students’ interactions with educational software to make the implications
of operationalization decisions tangible to participants. In this work, math teachers
iteratively co-designed a set of automated “detectors”, each intended to measure a
specific aspect of student learning and engagement—for example, whether a given
student is “making careless errors” or is “unlikely to learn a given skill unless a
teacher intervenes to provide extra help”. To examine how different operationaliza-
tions behaved, math teachers viewed live replays of students completing math prob-
lems in the software, annotated with live outputs from each detector. This allowed
teachers to directly compare the detectors’ interpretations with their own expert in-
terpretations based on their observations of students’ work. Through this process,
teachers discovered that potential operationalizations that had seemed reasonable
in concept had major validity issues in practice. They collaborated with a technical
expert to rapidly iterate and test alternative operationalizations.

Another approach papers took to help stakeholders evaluate design decisions
was to facilitate perspective sharing among participants. In several of the papers
in our corpus, stakeholders were given opportunities to hear other participants’
thoughts on a systematization or operationalization (15/39, 38%). While such per-
spective sharing has the potential to sensitize individual participants to a wider
range of measurement design considerations, in many cases, such perspective shar-
ing was conducted in a constrained manner. For example, five papers used ver-
sions of the Delphi technique, where each participant was able to view other par-
ticipants’ aggregate rankings of the importance of different subconcepts or indica-
tors (P2, P15, P25, P29, P30), and then to update their own rankings as they saw
fit. Such approaches can help participants get a sense of others’ priorities among
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presented options, but do not support them in understanding the underlying reasons
for differences in perspective. A smaller subset of papers (2/39, 5%) explored more
collective and expressive approaches—involving back-and-forth discussions where
participants are guided in critiquing and building upon each other’s ideas—in turn
supporting higher evaluability. For example, in P34, stakeholders engaged in syn-
chronous discussion in a workshop setting to collaboratively develop and refine a
systematization of “wellbeing” for their specific context.

OBSERVATION 6: Stakeholders have limited opportunity to iterate on designs.

We also observed that, amongst the 24 papers where stakeholders received some
degree of support in assessing measurement design ideas, only nine papers pro-
vide stakeholders with an opportunity to act upon their insights by iterating on
prior design decisions (9/24, 38%). In cases where stakeholders did have an op-
portunity to iterate, they were constrained in how they could do so. For example,
while several of the papers in our corpus supported stakeholders in updating their
stated prioritization among ideas for operationalizations, participants were not given
an opportunity to express ideas for new measures. Five papers in our corpus (P07,
P11, P20, P34, P36) present exceptions, each demonstrating an approach to support
stakeholders in iterating on systematizations or operationalizations while support-
ing high expressivity. For example, in P34, researchers held discussion groups where
stakeholders were invited to debate and revise systematized concepts representing
“wellbeing,” allowing for rapid iteration within a single facilitated group session.
In P20, the researchers developed an online environment where Wikipedia editors
could come together and asynchronously critique, debate, and revise each others’
decisions about how to operationalize the concepts of “vandalism” and “damaging
edits,” when collaboratively developing AI evaluation datasets.

IMPLICATIONS & OPPORTUNITIES

Overall, these motivate the need for future work to explore methods that provide
non-technical stakeholders with greater opportunities for revision and iteration (Ob-
servation 6), informed by knowledge of relevant design constraints (Observation 4)
and support in evaluating the quality of measurement design ideas (Observation 5).
To do this, future work should explore approaches to better bring out the expertise
of both technical and non-technical stakeholders, to enable closer collaboration and
mutual learning amongst stakeholders. For example, Observation 4 describes how
non-technical stakeholders are often not sensitized to practical design constraints
(e.g., data limitations) when systematizing or operationalizing a given concept. Fu-
ture methods should leverage technical experts’ knowledge of these practical con-
straints to help guide stakeholder ideation in more productive directions, so the ideas
stakeholders generate have a greater chance of actually being implemented in ways
that stakeholders would consider valid. For example, future research can draw in-
spiration from existing efforts to scaffold effective ideation of concepts for AI ap-
plications, where researchers develop resources to help stakeholders quickly under-
stand relevant technical parameters and constraints, so that they can more effectively
assess AI design decisions and ideate alternatives [247, 386, 463]. In addition, future
research might draw inspiration from past research that scaffolds conversations be-
tween technical and non-technical stakeholders to identify practical data constraints
that could impact the feasibility of an AI system design concept [219]. Similarly,
Observation 5 describes a small handful of papers that demonstrate ways to support
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stakeholders in evaluating measurement design ideas by drawing upon their own
unique knowledge and expertise around the concept to be measured. Future work
should continue to build upon these approaches, for example, by making poten-
tial downstream consequences of specific measurement design decisions visible to
stakeholders, or by scaffolding stakeholders in collaboratively evaluating measure-
ment design ideas and learning from each other’s perspectives.

7.7.3 Opportunity to Support Larger-scale Participation Without Sacrific-
ing Expressiveness

Overall, we found that papers in our corpus tend to trade-off the expressiveness of
participation (i.e., the degree of freedom stakeholders are provided to share their ex-
pertise) for the directness and scalability of an approach. We discuss opportunities
for future research to avoid these apparent trade-offs through methods for stake-
holder participation that achieve better balances of expressiveness, directness, and
scalability.

OBSERVATION 7: Stakeholders are not often invited to validate technical ex-
perts’ interpretations of their inputs to design.

Several papers in our corpus support highly expressive modes of stakeholder par-
ticipation (29/39,74%), in systematization (11/29, 38%), operationalization (10/29,
34%), or both (5/29, 17%). Such papers provide participants greater flexibility in
how they express their ideas, rather than constraining their responses into pre-defined
response formats. However, particularly during operationalization, the outputs of
more expressive activities often required significant additional interpretation to trans-
late them into readily usable operationalizations. Importantly, we observed that
technical experts tended to perform this translation of stakeholders’ inputs into us-
able operationalizations on stakeholders’ behalf, without inviting them to validate the
accuracy or quality of these interpretations. In other words, we observed that ap-
proaches tended to trade off directness for expressiveness. Of the 15 papers in our
corpus that support highly expressive modes of participation in operationalization,
9 were coded as having low directness. Meanwhile, of the 14 papers that support
relatively direct forms of participation in operationalization, 10 were coded as having
low expressiveness.

OBSERVATION 8: More readily scalable approaches tend to have limited expres-
siveness.

Across tasks, we observe that approaches aimed at supporting larger-scale partici-
pation in measurement design tend to sacrifice expressiveness to achieve this goal—
mirroring tensions between scalability and expressiveness that have been discussed
in the context of participatory AI more broadly [345, 466]. Of the 11 papers that
have highly scalable activities in our corpus, all sacrificed stakeholders’ ability to
freely express their expertise (lower expressiveness)—whether by constraining re-
sponses to pre-defined categories in the form of survey response options (P10, P15,
P20, P25-P30) or options for a pairwise comparisons activity (P11, P12). Notably,
while no papers support both highly expressive and highly scalable approaches, a
few papers in our corpus support relatively high levels of expressiveness while also
supporting greater scalability (P10, P15, P20, P21, P29, P35). For example, while
P10 uses a large-scale online survey to solicit participants’ notions of desirable LLM
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behavior, the survey design combines closed-ended response options with regular
opportunities for participants to freely express their thoughts through open-ended
response options. As we will discuss below, advances in LLMs introduce oppor-
tunities to make effective use of such free-form responses at scale. As another ex-
ample, P20 introduces a platform that supports large-scale online collaboration in
designing community-specific AI evaluation datasets. However, rather than having
participants independently contribute labeled data points, the platform allows them
to openly communicate with each other to deliberate and coordinate the process.
For instance, at any point in the process, participants have the option to collectively
revisit what label definitions they want to use.

IMPLICATIONS & OPPORTUNITIES

Overall, our analyses suggest an opportunity for future work to explore methods
that avoid sacrificing expressiveness in favor of directness and scalability. First, we
believe that apparent trade-offs between expressiveness and directness can largely
be avoided through alternative methodological decisions. For example, approaches
that support stakeholders in iteratively validating and refining technical experts’
ideas for operationalizations, can preserve expressiveness while reducing the risk
of misinterpretation in the process of making the outputs of early design activities
usable.

We also see potential for future approaches to support larger-scale participa-
tion without overly constraining stakeholders’ ability to express their ideas and
perspectives. For example, building on recent advances in large language models
(LLMs), future work could explore automated approaches to flexibly elicit people’s
nuanced preferences and ideas via multi-turn, chat-based conversations with indi-
viduals (cf. [263]) or LLM-facilitated online group discussions [340, 384]). Unlike
pairwise comparisons or multiple choice surveys, where stakeholders are forced to
fit their preferences into pre-defined options [347], such approaches have potential to
support more expressive stakeholder contributions via free-form responses and dis-
cussions. These approaches aim to scale up some of the roles that human facilitators
play in the context of small-group activities such as workshops: gently steering con-
versations and adaptively asking participants follow-up questions. In the context of
measurement design, automated facilitation could be designed to help stakeholders
iteratively clarify their ideas and provide additional information needed for mea-
surement design, thus supporting greater directness in addition to expressiveness.

Future approaches could also build upon recent work in HCI on LLM-supported
workflows and interfaces that lower the time and effort needed to iteratively, rapidly
prototype measurement instruments for AI evaluation (e.g., [99, 254, 255, 374]).
While much of this work has focused on supporting technical stakeholders’ pro-
totyping efforts, future research could explore and test adaptations to support and
scaffold effective participation of non-technical stakeholders with important exper-
tise to contribute to measurement design [412, 413]. Overall, future research should
continue to expand these lines of work by exploring where carefully designed (semi-
)automated facilitation and scaffolding could support more expressive and direct
forms of stakeholder participation in measurement design at scale.
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7.8 Discussion

Growing research in HCI and responsible AI (RAI) has called for re-examining AI
failures through a measurement lens—examining how downstream harms can stem
from inappropriate assumptions around how complex concepts (like “fairness,” “well-
being,” or “risk”) should be conceptualized and operationalized into quantitative
measurement instruments [81, 150, 201, 222, 281, 319, 362]. Addressing these mea-
surement issues, and designing AI systems that truly benefit stakeholders, requires
that stakeholders themselves are involved in shaping measurement assumptions
and design decisions. While the HCI and RAI communities have explored a range
of approaches to supporting stakeholder participation in AI design—including in
the design of AI interfaces, models, and policies—these approaches have seldom in-
vited stakeholders to interrogate and help shape the measurement assumptions that
underpin them, which often remain opaque to stakeholders.

A nascent body of research from the HCI and RAI communities has begun to
explore how stakeholders can be effectively engaged in AI measurement design.
However, such efforts remain relatively fragmented. Our paper introduces lan-
guage, concepts, and a methodological framework to guide the research community
in more systematically exploring this new problem space—drawing lessons from
decades of existing work on supporting stakeholder participation in measurement
design, both within and beyond the context of AI. We apply our framework to ana-
lyze methodological trends across these existing approaches. Our analysis reveals a
range of opportunities to advance approaches to stakeholder participation. By exam-
ining emerging work on participation in AI measurement design through the lens of
our framework, we find that current approaches tend to constrain stakeholders to a
linear process, and do not support stakeholders in iteratively exploring, evaluating,
and refining design ideas. In addition, approaches in AI often restrict stakeholder
contributions to isolated decisions within the broader measurement design lifecycle,
and constrain what ideas and perspectives they are able to express (e.g., restricting
participation to choices among a small set of pre-determined options).

Our analysis suggests several opportunities for future methodological innova-
tion to overcome these limitations, while addressing the unique challenges of de-
signing for AI. We believe that the CHI community, with deep expertise in innovat-
ing on design approaches and tools, is particularly well-suited to drive methodolog-
ical advances in this space. Looking forward, we envision that our framework can
help guide future researchers and practitioners interested in designing or assessing
among alternative approaches to participatory measurement design. In practice, ap-
plying the framework and developing a strategy for stakeholder participation sur-
faces additional decision points, in light of practical considerations and real-world
constraints in a given application context. We discuss some of these below, bringing
discussions from prior literature on participation and participatory AI in conversa-
tion with our framework.

When involving stakeholders in measurement design, it is important to con-
sider what complementary forms of expertise different stakeholder groups can bring
to the process. Researchers and practitioners should first reflect on gaps in their
own knowledge and identify stakeholder groups with expertise relevant to the de-
sign process, drawing on existing guidance from participatory research and design
(e.g., [318, 438]). For example, when designing or evaluating AI applications for
healthcare, the design of valid measurement approaches can require not only the
technical expertise of AI practitioners, but also the lived expertise of impacted com-
munity members, the frontline expertise of the healthcare professionals who interact
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with them day-to-day, and the scholarly expertise of researchers who study systemic
biases in healthcare. Furthermore, initial discussions with stakeholders can reveal
additional relevant stakeholder groups that a team may have initially overlooked.

Participatory approaches to measurement—like participatory design and research
approaches more broadly—are not a monolithic practice, but rather, an orientation
towards centering stakeholder expertise and ways to elevate it through the process
of design [207]. Like any other design technique, the specific set of design processes
and activities to use depends on the context in which the design approach is de-
ployed. What “meaningful” stakeholder participation looks like in a given appli-
cation context is guided by questions around who specifically should be involved,
for which tasks within the measurement lifecycle, and in what form–and these de-
cisions depend upon the goals of both the stakeholders who are participating, as
well as the facilitators of the design process (e.g., HCI researchers, AI practitioners).
Echoing recommendations from prior literature on participation and participatory
AI (e.g., [98, 207]), these decisions should be made collaboratively with stakehold-
ers whenever possible. If collaborative decision-making at the planning phase is not
possible, these decisions should at least be made visible to stakeholders, which can
empower them to contribute more meaningfully and critically. In this process, our
framework offers a guide to systematically identify and discuss how specific prop-
erties of a given participatory measurement approach can constrain or enhance the
extent to which stakeholders are truly able to leverage their expertise to inform mea-
surement design. These decisions should be deliberated and documented prior to
beginning a participatory engagement.

Relatedly, while we believe that scoring “higher” on most of the dimensions in
the framework (with the exception of scalability1) may be required to support true
collaboration between AI expert and non-AI-expert stakeholders, where stakehold-
ers are engaged as active designers and decision-making power is shared [112], this
may not be possible or desirable in all contexts [438]. For example, comprehensive
stakeholder participation across the Measurement Design Lifecycle may not always
be achievable. In some industry contexts, AI development teams themselves may
not have the power or flexibility to shape certain project parameters (e.g., whether
to measure in the first place, or what specific concepts should be measured). In
such cases, it may be best to be transparent about this with stakeholders, rather than
asking them to spend much time on design decisions they cannot influence. Simi-
larly, depending on the context, stakeholders may not have the capacity or interest
to engage deeply across the entire measurement design lifecycle [438]. Even when
participation is constrained due to context-specific constraints, our framework can
help identify opportunities to support more collaborative approaches to participa-
tory measurement within these constraints, focusing on dimensions where there are
greater degrees of flexibility. Throughout a participatory measurement design pro-
cess, researchers and practitioners should actively revisit questions around how to
maximize benefits to stakeholders while minimizing risks and harms to their well-
being. For instance, even when well-intended, researchers and practitioners who are
not cognizant about the impacts that participatory approaches have on stakeholders
may be susceptible to over-burdening them (e.g., through asking for too much time,

1While we do not view scalability of participatory methods as being necessary to support more
collaborative AI measurement processes in general, we note that it can be an important factor in project
contexts that require large-scale input in order to meaningfully shape the design of a measurement
instrument. For instance, the use of less scalable participatory methods in such contexts can sometimes
threaten the directness with which stakeholders are able contribute, as developers are left to make
decisions about how to compensate (e.g., by using synthetic data as a proxy for participant responses).
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effort, emotional labor) [106] and can fall into pitfalls such as “participation wash-
ing” [383]. Researchers and practitioners engaging in participatory measurement
design should actively strategize how to mitigate these risks and consider what im-
mediate benefits participation can offer stakeholders [106], such as facilitating mutual
learning and community building through the design process [420].

In the context of supporting participation for measurement of AI systems, sev-
eral unique considerations discussed in prior literature on participatory AI apply.
For example, it is unclear whether it is possible to support meaningful stakeholder
participation for the design or evaluation of general purpose models that intend
to provide broad capabilities applicable to multiple stakeholder communities with
different values and goals [98, 411]. Instead, stakeholders may be meaningfully en-
gaged in shaping measurement instruments (e.g., metrics, benchmarks, classifiers)
to design or evaluate task-specific applications of LLMs [411]. As discussed in Op-
portunity 3, we also see opportunities to design future methods that help offset
trade-offs between expressive and scalable participation (e.g., collection of inputs
from larger numbers of stakeholders) through AI-assisted facilitation and analysis
approaches.

Finally, some AI evaluation practices—while not considered “participatory” based
on our inclusion criteria—involve soliciting stakeholder inputs to inform the mea-
surement of AI systems. For instance, researchers in machine learning and natural
language processing have explored various approaches to reinforcement learning
from human feedback (RLHF), including variations in how human expertise is so-
licited and integrated to inform model improvements (e.g., [457]). Our framework’s
dimensions (e.g., expressiveness, iterativeness, collectiveness) can also be used to
systematically identify different ways in which the design of an approach can im-
pact stakeholders’ ability to express their underlying beliefs, intents, and expertise,
and also offer implications for improving such approaches. For instance, in typical
RLHF practices, stakeholders are granted limited expressiveness when providing
their perspectives and are asked to provide their perspective by choosing among
pre-determined options. Even when finer-grained feedback is solicited from stake-
holders, in current methods stakeholders are typically limited to annotating cases
using small sets of pre-defined labels. They are also typically asked to provide la-
bels individually, rather than having opportunities to discuss with others and con-
sider alternative perspectives. Beyond the contexts of HCI and RAI, we hope that
our framework can guide the development of future approaches in machine learn-
ing and natural language processing that make better and richer use of stakeholders’
expertise.

7.8.1 Limitations

Our paper has limitations which speak to additional areas for future research. First,
our goal was to bring lessons from a multi-disciplinary literature review to the HCI
and RAI communities. Our corpus is not necessarily comprehensive, and our analy-
sis does not intend to speak to the entire space of approaches supporting stakeholder
participation in measurement. While we included a breadth of potential keywords
related to participation and measurement, there may be disciplines and papers using
different terminology that our search did not capture. Relatedly, the dimensions of
participation, synthesized based on our analysis, are not intended to be exhaustive.
We invite future work to build upon these properties, to further enrich an under-
standing of how to support truly collaborative approaches to measurement design.
Additionally, our paper reviews the methodological landscape of approaches in the
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research literature, but does not examine how often given methods are used in prac-
tice. While out of scope for this work, we invite future research to examine the
real-world prevalence of different methodological approaches.

7.9 Conclusion

With increased interest in supporting participatory approaches to AI design, along-
side a growing call to center measurement issues in AI, there is an exciting opportu-
nity to explore the intersection between these two efforts. In this paper, we draw on
a rich multi-disciplinary literature, from the social and life sciences to philosophy of
science, to learn from existing approaches to stakeholder participation in measure-
ment. Based on our analysis of existing approaches, we present a methodological
framework of properties that can hinder or facilitate a truly collaborative approach
to participation in measurement. We conclude with a discussion on future research
opportunities to guide emerging efforts toward effective stakeholder participation
in AI measurement design.



223

Improving AI Measurement, Part 2

Exploratory Case Study on Worker-driven AI Measurement

This chapter is taken from the following paper:

Anna Kawakami, Chloe Zhao, Renee Shelby, Fernando Diaz, Haiyi Zhu, and Ken-
neth Holstein. “‘I want to be pushed, I want to grow’: Enabling social workers to
design evaluations of LLM augmentation in their work.” In Proceedings of the 2026
AAAI/ACM Conference on AI, Ethics, and Society.

Abstract. Workers are increasingly asked to adopt AI systems to assist their work, yet
are rarely given a voice in defining what meaningful AI augmentation should look
like or how to evaluate for it. In this paper, we propose worker-driven AI measure-
ment—a bottom-up approach to AI evaluation where workers collaboratively shape
decisions about which tasks AI should augment, what “successful” augmentation
looks like, and how it should be measured. We explore how to support this through
a case study with 19 workers from a local school social work organization. Through a
series of eight workshops, workers iteratively develop their own measurement goals
for AI evaluation, systematize these goals, and thendesign a benchmark to capture
how effectively an LLM can “challenge” them to reflect on their own assumptions
and biases in the context of their day-to-day work. Workers collaboratively design
and refine an LLM-as-a-judge rubric based on their professional and lived expertise.
In validations of the worker-created benchmark, we find that there is strong agree-
ment between worker and LLM judge ratings and that the resulting benchmark can
differentiate performance across six state-of-the-art LLMs. Based on our case study,
we discuss opportunities for future work to support worker-driven AI measurement
as a complementary approach to existing top-down AI evaluation approaches.



224

7.10 Introduction

Frontline workers across occupations—from teaching and social work, to healthcare
and finance—are increasingly asked to adopt AI systems to assist their work [44].
Yet, workers themselves rarely have a voice in defining what it would look like for
AI to positively augment their day-to-day work, and how to design and evaluate for
it [223]. Today, decisions about which parts of workers’ work to augment, how to
augment them, and how to measure what “good performance” looks like are often
left to technical experts or organizational leaders. Without worker involvement in
these decisions, AI evaluations often reflect impoverished understandings of work-
ers’ day-to-day work and the forms of expertise involved. For example, in occupa-
tions like social work and teaching, a lack of worker involvement has often led to AI
deployments that conflict with worker values and practices [223].

A growing body of work focuses on developing AI evaluations for specific oc-
cupations [48]. For example, NLP and ML researchers have proposed new AI mea-
surement instruments, such as benchmarks and metrics to measure the automatabil-
ity of specific work tasks in healthcare, software engineering, finance, and design
(e.g., [28, 440, 446]). More recently, researchers have begun to recognize the need
to involve workers themselves in shaping AI evaluations [15, 28, 135]. Research in
NLP and ML has explored methods to solicit feedback from workers to inform the
design of AI evaluations. However, this work has typically constrained worker in-
volvement to narrow sub-activities such as developing test cases or providing expert
labels for benchmarks, without engaging workers in larger decisions such as what
is worth measuring in the first place [224]. By contrast, HCI research has solicited
workers’ perspectives on how new LLM-based systems should augment their pro-
fessions in the future [e.g., 38, 454] ,but has not directly engaged them in the design
of concrete measurement instruments. Taken together, it remains an open question
how to meaningfully support workers in the end-to-end, collaborative design of
AI measurement instruments—from defining what positive AI augmentation looks
like from their perspective, to operationalizing practical measurement instruments
that can accurately capture these notions.

In this paper, we present a case study with a local school social work organiza-
tion that is actively exploring how to integrate LLMs into their work. In partnership
with workers at this organization, we explore an approach to worker-driven AI mea-
surement design—where workers collaboratively shape decisions around which tasks
AI should augment, what “successful” augmentation looks like for those tasks, and
how it should be measured. In particular, through an iterative series of eight work-
shops with 19 workers, we explore how to engage workers in (1) identifying realistic
LLM use cases for which workers actually want LLM-based support, (2) developing
a shared understanding of what “good” or “bad” LLM performance looks like for a
given use case, and (3) operationalizing this understanding through the design of a
benchmark (consisting of an LLM-as-a-judge system and a set of test cases).

Overall, through these design workshops, workers collaboratively developed an
LLM-as-a-judge system to evaluate model performance on a specific use case core
to their work—developing useful reflection questions to guide future meetings with
teachers, based on workers’ observations of teacher practices and classroom chal-
lenges. Workers first collaboratively designed 16 realistic test cases that they be-
lieved would be challenging for an LLM, based on their past experience using LLMs
for this use case. In early workshops, workers identified a measurement goal that is
largely absent in existing industry AI evaluations: measuring how effectively LLMs
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can function as “people challengers” (a play on current LLM tendencies to be “peo-
ple pleasers.”) In the context of their work, this meant challenging workers to “ reflect
on their own possible assumptions and biases [and helping] them expand their perspectives,
providing opportunities for learning and growth.”

Workers iteratively operationalized this goal into an LLM-as-judge rubric that
captures their notions of what it looks like to meaningfully augment their work in
their specific organizational and work context. Our validation shows that the result-
ing LLM-as-a-judge system has strong agreement with worker judgments, and that
the benchmark can differentiate the performance of different state-of-the-art LLMs.
Overall, we make the following contributions:

1. We propose worker-driven AI measurement—a bottom-up, collaborative de-
sign approach that complements existing evaluation practices for AI in work.

2. We explore this approach through an early case study with a local social work
organization.

3. We present opportunities for future work to support worker-driven AI mea-
surement design across worker and organizational contexts.

7.11 Background

In this section, we overview past work that brings social science measurement con-
cepts to AI evaluation (Section 7.11.1). We then discuss nascent efforts to engage
workers in shaping AI evaluations (Section 7.11.2).

7.11.1 AI Evaluation from a Social Science Measurement Perspective

Following recent calls in responsible computing and machine learning, in this pa-
per we understand AI evaluation as a social science measurement challenge [5, 202, 203,
224, 441]. AI evaluations necessarily rely on assumptions about both what is impor-
tant to measure and how unobserved, latent constructs (e.g.,“fairness,” “accuracy”,
“safety”) should be systematized and operationalized into practical measurement
instruments, such as metrics and benchmarks. These assumptions often clash with
reality in the downstream contexts where AI applications are used [202]. For exam-
ple, developers and deployers make claims about the “utility” of healthcare LLMs
using benchmarks based on medical exams [e.g., 316, 445, 462] that primarily mea-
sure an LLM’s ability to recall medical information [335]. However many of the tasks
LLMs are used for in real-world clinical settings rely on other capabilities, and do not
necessarily involve the recollection of medical information [335]. In fact, researchers
have found that the majority of LLM benchmarks in the literature have poor con-
struct validity [e.g., 26]. Others note that existing LLM benchmarks and metrics
tend to jump from identifying broad measurement goals (e.g., measuring “harmful-
ness”) to operationalization, without articulating or critically interrogating how the
underlying concept should be defined in the first place [441].

While prior work has begun to offer shared language and frameworks to ground
AI evaluation in practices from social science measurement theory, comparatively
little work has focused on how to meaningfully involve non-technical stakehold-
ers in the design of measurement instruments for evaluating LLMs. Recently, re-
searchers have drawn from ideas from measurement theory to explore how to en-
gage non-AI-expert stakeholders in shaping LLM evaluations [203, 224, 387]—for
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example, by engaging impacted communities in systematizing the concept of “cul-
tural appropriateness” for evaluating text-to-image models [203].

To date, past work has explored how to support stakeholder participation in spe-
cific, isolated activities within the measurement design lifecycle. In this paper, we
build upon this work by exploring how to support end-to-end stakeholder partici-
pation across the AI measurement design lifecycle—enabling stakeholders to collab-
oratively identify what concepts are meaningful to measure in the first place, system-
atize shared understandings of these concepts, and operationalize these systematized
concepts into concrete AI measurement instruments.

7.11.2 Supporting Worker Participation in AI Measurement and Evalua-
tion

Researchers evaluating AI systems for work increasingly recognize the need to in-
volve workers themselves in shaping AI measurement instruments [15, 28, 135]. In
recent years, the NLP and ML research communities have begun to solicit feedback
from workers when developing benchmarks. For instance, researchers consulted
clinicians to validate tasks used in MedHELM, a benchmark that evaluates LLMs on
a taxonomy of five categories of medical tasks, going beyond existing benchmarks
based on medical exams [28].Similarly, HealthBench from OpenAI involved clini-
cians in creating test cases, writing rubrics for categories of health tasks, and pro-
viding labels for evaluation [15]. While these efforts demonstrate important steps
towards meaningful engagement with workers in AI measurement, these works—
like most existing evaluations of LLMs for work—focus on assessing how well LLMs
can autonomously complete tasks rather than how well they can support human work-
ers’ activities, despite LLMs being widely deployed to assist human work. More-
over, prior work has typically constrained worker involvement to narrow, isolated
sub-activities (e.g., designing test cases or defining criteria), rather than engaging
workers in the messy process of iterating across steps of the measurement design
lifecycle—from defining measurement goals to systematizing and operationalizing
latent concepts into measurement instruments. Past efforts have also typically fo-
cused on soliciting inputs from workers individually, rather than supporting col-
laboration, discussion, and co-learning among workers as is common in co-design
approaches [224].

Meanwhile, the HCI research community has historically focused more on un-
derstanding workers’ broader visions of what the future of work should look like [38,
227, 454]. For instance, recent research has explored workers’ perspectives on how
new LLM-based systems should augment their professions in the future [e.g., 38].
Other research has explored alternative futures of work, yielding broad implications
for how to better measure and evaluate AI systems in the future [222, 395]. While
research in HCI has more often engaged workers in collective discussions and de-
sign activities, these efforts have primarily focused on surfacing workers’ broader
visions and perspectives. To our knowledge, no prior work has explored how to di-
rectly engage workers in co-designing AI measurement instruments that can help cap-
ture progress towards these visions.

Our paper presents a first exploration of how to support workers in the end-
to-end, collaborative design of AI measurement instruments—from defining what
positive AI augmentation looks like from their perspective, to operationalizing prac-
tical measurement instruments (i.e., a benchmark) that can accurately capture these
notions.
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7.12 Methods

To understand how to support workers in designing a measurement instrument to
evaluate LLMs in their work, we formed a collaboration with a school social work
organization based in Pennsylvania, United States. At the time of this research, the
organization employs around thirty social workers who work with local preschool,
kindergarten, and elementary schools, often in low socio-economic status communi-
ties. The workers conduct observations of teachers’ classrooms, reflect on challenges
and opportunities observed, then meet with teachers to collaboratively discuss paths
forward. Overall, workers’ goals are to better bring out teachers’ existing strengths
so that the teachers, in turn, can better support the children’s growth and wellbeing.

In March 2025, the organization began exploring the use of LLMs to support
workers’ practices. The director of the organization provided workers with an op-
tion to use a customized LLM, developed using OpenAI’s ChatGPT customization
service using a high-level set of system instructions specifying desirable model be-
haviors (see Appendix for details). Given that the organization lacked context-
specific evaluations of their LLM, the director was very interested in designing new
evaluations to understand how well their organization’s LLM actually worked with
hopes to identify opportunities to improve it or create better ones in the future.

Over the course of eight weeks, we conducted an iterative series of eight work-
shops with 19 workers across the organization to explore how different design ac-
tivities and scaffolds can support worker participation in benchmark design. In this
section, we describe our exploratory approach to supporting worker participation
(Section 7.12.1), workers’ background (Section 7.12.2), our analysis approach (Sec-
tion 7.12.3), and our validation of the resulting benchmark (Section 7.12.4).

7.12.1 Exploratory Approach and Activities

To support the collaborative design of an LLM benchmark, we explored an ap-
proach that builds upon ideas from measurement theory in the quantitative social
sciences [5, 8, 201] and design [54, 98, 112, 365]. We break down AI evaluation design
into three core phases, and explore how we can support meaningful worker partici-
pation in each: (1) Identifying meaningful LLM use cases to focus on, (2) Developing
a shared understanding of workers’ use cases and measurement goals, and (3) Op-
erationalizing measurement goals into an implementable measurement instrument
(a benchmark consisting of an LLM-as-a-judge rubric and a set of test cases).

To support participation, we created design activities guided by the following
principles:

• Guiding principle 1: Support expressive participation. Design activities that
allow workers to fully express their perspectives to shape foundational deci-
sions in measurement design (e.g., what to measure and how), without con-
straining their perspectives into pre-defined categories. Existing approaches
to engaging stakeholders in AI measurement design, particularly in the opera-
tionalization phase, tend to constrain workers’ abilities to express their ideas [224].

• Guiding principle 2: Support informed design iteration. Ensure that work-
ers are empowered to assess the consequences of design decisions—for exam-
ple, by inspecting how their design decisions affect the behavior of a mea-
surement instrument on realistic data—to inform ideation and refinement. Ex-
isting approaches to engaging stakeholders in measurement design often do
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not provide stakeholders with opportunities to meaningfully assess the im-
plications of their design decisions, let alone to iteratively refine their design
decisions [224].

• Guiding principle 3: Support meaningful collaboration amongst workers.
Supporting forms of design ideation and assessment that allow workers to
learn from and build upon each others’ perspectives is particularly important
in organizational and group settings, where AI deployments can have collec-
tive impact. Yet, most approaches to supporting stakeholder engagement in
measurement design solicit input from individual workers, with minimal op-
portunities for co-learning and collaboration among stakeholders [224].

In the following, we briefly describe the three phases.

Phase 1: Collaboratively Exploring Potential AI Use Cases to Focus On.

This phase focused on exploring which LLM use cases to focus on for benchmark
design. After identifying a use case, we then had workers design a set of test cases
that represent realistic ways in which they prompt GPT in their own work. Overall,
we conducted a series of activities with 11 workers:

Understanding the breadth of workers’ current and desired uses for LLMs (pre-workshop
activities). Prior to the first workshop, we asked all workers at the organization to
asynchronously share ways they were currently using LLMs to assist their work
and ways they might like to use future, improved LLMs to assist their work. This
resulted in 39 current and 18 desired uses written by nine workers. Then, to bet-
ter understand their responses, we conducted 30 minute formative interviews with
five of the workers. During each interview, we asked clarifying questions about
their use cases, how they perceived the performance of their organization’s current
model on the use cases, and how they actually prompted the model for a given use
case. Whenever possible, we asked workers to illustrate with concrete scenarios and
examples from their past interaction logs.

Developing a shared understanding of workers’ LLM use cases & identifying an ini-
tial one to focus on (workshop 1). Based on workers’ documentation of use cases
and formative interviews, we identified an initial set of six use cases that represent
different ways in which workers were (trying to) use the model to augment their
work.We then conducted a 90-minute workshop with eight workers. During this
workshop, workers discussed, refined, and elaborated upon the six use cases. Specif-
ically, we aimed to understand (1) how many workers desired LLM assistance (or
were already using LLMs) for a given use case, (2) how workers currently prompted
their existing model for a given use case, and (3) whether the initial set of use cases
had any major gaps. Based on workers’ discussions, our research team identified
a use case that was both high priority for workers, and where workers hoped to
see improvements in LLM performance. Workers were interested in using LLMs
to generate reflective questions that could usefully challenge their thinking and as-
sumptions about their classroom observations. We include more details on the use
case selection criteria in Appendix D.1.1.

Designing an initial set of test cases (workshop 2). At the start of workshop 2,
we gave workers an overview of the goals and practices for designing test cases.
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Drawing on workers’ background in educational settings, we asked them to imag-
ine that they were designing tests that all future AI models must take in order to
prove their ability to effectively help workers with the use case. We encouraged
workers to think about test case scenarios that they think may challenge the model’s
capabilities, drawing upon their existing experiences trying to use LLMs for this use
case. We additionally encouraged workers to think about realistic test case scenarios
where they would actually find it valuable to receive LLM-based support. Workers
developed an initial set of test cases in small groups (3 - 4 individuals per group).
As workers designed their test cases, workshop facilitators circulated around the
room to provide light guidance when needed (e.g., about key missing context they
might want to include in their prompts). Through this process, workers collectively
designed a shared set of 16 test cases, which then served as a foundation for the
subsequent workshops. We lightly augmented this initial set of test cases to support
rubric refinement in Phase 3, as described in Appendix D.1.5.

Phase 2: Identifying Measurement Goals & Systematization.

During this second phase, our goal was to help workers develop a shared under-
standing of what “good” versus “bad” performance looks like for their use case.
To support this, we had workers inspect and discuss pairs of model responses to
their test cases. Through iterative discussion across multiple response examples,
workers began to collaboratively identify high-level aspects that capture important
dimensions of variation in model response quality. Overall, this phase included two
workshops with 13 workers:

Annotating (un)desirable properties of model responses (workshops 3 - 4). At the
beginning of workshop 3, we reminded workers to keep their standards high and
grade based on how they believe an ideal future AI system should respond in given
cases. We emphasized to workers that they are the experts in how they want AI
to augment their work. During this workshop, workers worked in small groups
to inspect examples of model responses on the test cases they had designed in the
previous workshop. For each test case, workers saw three model responses. To
increase variation among model responses—with the goal of helping workers dis-
cover relevant dimensions of difference—we generated each model response based
on a random selection of base models (from OpenAI, Anthropic, Google) and system
instructions, as described in Appendix D.1.3.

In their small groups, workers examined the two pairs of model responses for
a test case they were randomly assigned. Workers then discussed and took notes
on what they thought was working well in each model response versus what they
thought could be improved. Workshop facilitators circulated around the room, lis-
tened in on conversations, and provided light guidance as needed (e.g., clarifying
the task we’re asking them to do, asking workers reflective questions to support their
thinking). After workers identified several high-level areas for model improvement
within their group, we asked each group to share their findings with the rest of the
workshop attendees. We asked workers to phrase these in a few brief sentences fol-
lowing the template “Responses should ...” We encouraged workers to build upon,
challenge, or ask clarifying questions about each others’ ideas. Workshop facilita-
tors took notes on the identified areas for improvement using a shared online board
(Figma) that was viewable to everyone in the workshop. Through collaborative dis-
cussion, the researchers and workers synthesized the shared ideas into a small set
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of high-level goals for measurement, each linked back to workers’ discussions and
annotated examples of model responses.

For the next phase, we focused on an important area for model improvement
that workers identified: LLMs’ ability to effectively challenge workers to think more
deeply and critically, rather than just taking workers’ initial characterizations of a
classroom situation at face value.

Phase 3: Collaboratively Operationalizing a Measurement Goal into a Practical
Measurement Instrument.

During this phase, we focused on supporting workers in operationalizing this con-
cept of effective “people challenging” into an LLM-as-a-judge rubric. To support
worker participation in this phase, we conducted four workshops with 10 partici-
pants. During the first workshop of this phase, we introduced “best practices” for
designing rubrics, drawing on existing resources online [e.g., 351]).

Designing an initial rubric (workshop 5). Workers designed an initial rubric in
small groups, using our provided rubric template. The rubric template encouraged
participants to break down their identified high-level measurement goal into a more
specific set of rubric criteria, and to provide concrete positive and negative exam-
ples for each criterion. To inform the design of the rubric, we asked workers to con-
sider their past discussions and response annotations around their “ideal” model
response, as well as past test cases they had annotated in previous workshop ac-
tivities, which we handed back to workers. After the workshop, our research team
further refined the rubric that workers created. Our refinements were informed by
workers’ discussions of the criterion, drawn from transcriptions and notes of prior
workshop activities. For example, we added rubric sub-criteria that were not rep-
resented in the existing design of the rubric but discussed in previous workshops.
We additionally noted follow-up questions to ask participants at the next workshop,
and left placeholders for places we were uncertain what the workers’ intent might
be. We validated all refinements made at the start of the next workshop, and workers
either rejected or substantially modified several of these suggested refinements.

Iteratively assessing and improving the rubric design based on feedback (workshops
6 - 8). In the final two workshops, workers iteratively refined the rubric design by
examining how well an LLM judge using their rubric aligned with their own as-
sessment of given model responses. In particular, workers were shown two model
responses to each test case (generated using the same approach to the systematiza-
tion phase, as described in Appendix D.1.3), then were asked to “score” each model
response according to the individual criteria in their rubric. Workers then inspected
how an LLM scored the same model response using their rubric, identifying criteria
where the LLM score misaligned with their score. Workers discussed potential un-
derlying reasons for misalignment by looking for potential ambiguities in the origi-
nal wording of their rubric criteria— with the option to view an LLM-generated ra-
tionale for the LLM score to aid in this task—and then cross-checking these against
the specific test case prompt and model response they were evaluating. Workers
then directly revised the design of their assertion and reran the LLM to see if the
rubric revision brought the LLM’s score and rationale into alignment with their own
judgment. If it did not, workers continued to explore other rubric revisions with
the goal of aligning the LLM score with their own. Workers repeated this process
iteratively, across multiple test cases and model responses.
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7.12.2 Participant Information

In total, 19 workers (around 2/3 of the organization) participated in the workshop.
Some workers participated in only one workshop, while others attended most of the
workshops. Appendix D.1.6 (Table D.2) includes an overview of number partici-
pants per workshop and Table D.1 includes participant demographics. Participants
were compensated $15 for every hour of the workshop they participated in. The
director of the organization also compensated them, so they received their hourly
wage through workshop engagement.

7.12.3 Analysis Approach

To analyze both the process and outcomes of the participatory workflow, we an-
alyzed a combination of materials: Approximately 12.75 hours of workshop tran-
scripts, an initial and final version of the worker-developed rubric, and the test
cases. To analyze the workshop transcripts, we used an abductive analysis approach
guided by specific research questions for each phase of the workshop. We developed
the guiding questions through team discussion to ensure our analysis captures both
outcome-oriented and process-oriented insights. Following a shared open coding
session to calibrate on coding granularity, two researchers qualitatively coded each
workshop transcript. For each workshop, we ensured that at least one of the re-
searchers coding the workshop transcript was the workshop facilitator. While cod-
ing, the first researcher aimed to capture observations that directly address the guid-
ing question for that workshop phase, while also remaining open to coding other ob-
servations. The second coder validated the first researcher’s codes by marking areas
of disagreement or coding additional observations not captured by the first coder.
The two coders then resolved disagreements through synchronous discussion. We
conducted a bottom-up affinity diagramming process to iteratively refine and group
the resulting codes into successively higher-level themes.

7.12.4 Benchmark Validation

We conducted two validations of the benchmark workers developed. First, we con-
ducted a validation survey to compare workers’ judgements with an LLM judge’s
assessments of model responses. We first removed four test cases that were used
to refine the rubric in Phase 3 (test cases 7, 9, 14, 16). For each of the remaining
12 test cases that were not used in rubric refinement, we generated two model re-
sponses. We used the same strategy to generate model responses from Phase 2 and
3, as described in Appendix D.1.3. For the LLM judge, we used the same GPT-5
model and system instructions we used for the rubric refinement activity. 12 work-
ers participated in the validation activity. All 12 workers attended at least one prior
workshop to contribute to the rubric design. Two workers were assigned to indepen-
dently respond to one model response. For each model response, each worker saw
the test case, model response, and the LLM judge score. They were asked whether
they agree or disagree with the LLM judge score, and to provide their own score if
they disagree. Using this dataset, we analyzed worker-judge agreement, including
both worker1-judge and worker2-judge agreement (accounting for the two individ-
ual worker responses) and the average worker-judge agreement (where we compare
the LLM judge response to the average of the two workers’ responses).

For the second validation, we examined how well the benchmark differentiates
across model performance for six different state-of-the-art LLMs: Gemini 3.1 Pro,
GPT-5.4 pro, Claude Opus 4.6, Gemini 3 Flash, GPT 4o, and Claude Sonnet 4.6. We



232

specifically selected the most recent and advanced models from Google, OpenAI,
and Anthropic at the time of the analysis (the first three models above) as well as
their most widely used models (the last three). For each model, we generated re-
sponses using a minimal system instruction (i.e., “You are a helpful AI assistant
for a school social work organization.”) To compare how different models perform
when given more specific information about task requirements, we also generated
responses using a tailored system instruction drawn from the rubric that workers
designed. In our analyses, we compared how the six LLMs across the two system in-
struction conditions perform on individual criteria in the rubric. See Appendix D.1.3
for details.

7.12.5 Limitations and Ethical Considerations

Our case study is intended to be an early-stage exploration of worker-driven AI
measurement. We acknowledge that our case study, while deeply engaging with
workers in an organization, is limited in scope and generalizability. The organization
we partnered with is small (around 30 employees), and the exploratory workflow
we used in this case study may not generalize well to larger organizations. That
said, the lessons learned from this focused case study provide valuable insight into
where worker participation is critical across the three measurement phases, and how
participation might be supported across organizational contexts. The Discussion
section provides implications and opportunities for future work.

We additionally acknowledge the limitations of our validation approach and pre-
post survey. For example, our study does not evaluate whether AI systems that score
high on workers’ benchmark actually better support workers in doing their work
better. Future work should explore ways to evaluate how well the LLM-as-a-judge
system actually anticipates the impacts of an AI system on workers’ performance,
for example, by tracing the downstream outcomes of workers’ AI-assisted decisions.
Moreover, our validation is limited in scope due to the small number of test cases
used. Future work could support larger-scaled validation, for example, by using
worker-designed test cases to seed a larger set of test cases that can be used for
validation. Additionally, while the pre-post survey was taken by the majority of the
participants who regularly engaged in the workshops, we cannot make any causal
claims on the pre-post survey findings (Findings Section 7.13.5) due to the small size
of the organization and number of participants.

Finally, our study was approved by our institution’s IRB, and we received ex-
plicit consent from workers before their participation. We ensured that workers’
test cases are fully anonymized (e.g., not naming any specific individuals or institu-
tions). We acknowledge that our workshop engagements were labor intensive, and
we are grateful to workers at the organization for sharing their time, expertise, and
curiosity about the research with us. In the Discussion, we reflect on opportunities
to reduce the labor- and time-intensiveness of future approaches without trading off
workers’ abilities to express their perspectives.

7.13 Designing a Benchmark with Workers

Through early workshops, workers identified effective “people challenging” as an
important measurement goal—i.e., measuring how well LLMs can move beyond
“people pleasing” tendencies, and instead “challenge the writer to reflect on their
own possible assumptions and biases [and] help them expand their perspectives,
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providing opportunities for learning and growth.” Workers then iteratively de-
signed an LLM-as-a-judge system that includes ten distinct criteria, each of which
captures a distinct dimension of how workers operationalize this concept in the con-
text of their work.

In this section, we present key findings from the benchmark design process, or-
ganized sequentially from earlier- to later-stage design activities. First, we discuss
(1) how workers designed challenging test cases for an LLM to handle effectively,
which helped ground the overall rubric design process in rich, realistic scenarios
(Section 7.13.1). By discussing examples of model responses to these test cases, (2)
workers identify measurement goals for LLM evaluations that are largely absent
from existing industry evaluations—for example, assessing how well LLMs chal-
lenge workers’ assumptions and beliefs, to support them in reflecting more deeply
and growing as human experts (Section 7.13.2). Moreover, through an iterative
process of discovery, (3) workers designed, assessed, and refined a ten-criterion
rubric—capturing important nuances and edge cases that go beyond their ini-
tial systematization, by drawing on their professional and lived expertise during
operationalization (Section 7.13.3). Through our validations, we find that the re-
sulting worker-designed (4) LLM-as-a-judge system strongly aligns with worker
judgments on the test cases and that the resulting (5) benchmark can differentiate
model performance across state-of-the-art LLMs Section 7.13.4). Finally, beyond
the benchmark produced, we found that (5) workers may experience other bene-
fits from engaging in the workshop, like learning more about AI capabilities and
limitations.

7.13.1 Designing realistic test cases

After identifying a use case to focus on (Methods Section 7.12.1), workers designed
a set of test cases for their use case. Overall, when instructed to design test cases
that may challenge models’ capabilities, workers designed a set of cases that con-
vey rich, nuanced, and diverse scenarios inspired by their day-to-day classroom
observations. For the remainder of the design process, these test cases served an
essential role in shaping workers’ discussions about what measurement goals to pri-
oritize and how to define them (Section 7.13.2), as well as how to operationalize
measurement goals into an LLM rubric. While we briefly elaborate on the content of
the test cases in this section, Appendix D.3.1 includes complete test case examples.

Workers built on their direct experiences working in classroom settings to gen-
erate a range of complex scenarios where they might turn to an LLM for help. For
example, they described scenarios where a child is struggling to express their needs
(Test case 1), a teacher inappropriately using humor when talking to a child (Test
case 5), and a child is saying racial slurs to a new teacher (Test case 9). To help the
LLM interpret these observations, workers intentionally include a range of contex-
tual details about these scenarios—like the environmental setting (e.g., race, gender,
or age of children involved, socio-economic status of the school region) and tem-
poral details (e.g., changes in teacher or child behaviors over time). Test cases also
often mention teachers’ personalities and qualities (e.g., “She is warm, but firm and
has high expectations”, Test case 14).

Because workers see LLMs as a tool for aiding self-reflection rather than pre-
scription, they are also intentional about including their own assumptions and di-
rect reactions from their observations. For example, workers include their subjective
interpretations of events (e.g., “the child [...] feels unseen and misunderstood by
his teachers”, Test case 1). Others describe their personal reactions they had as an
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observer of a situation (e.g., “Watching this whole interaction, I was struggling to
regulate myself, and feeling angry on behalf of the child. . . ”, Test case 4). As Sec-
tions 7.13.2 and 7.13.3 later describes, the presence of subjective interpretations and
personal feelings in these test cases helped workers surface and articulate their mea-
surement goals (e.g., to assess how well an LLM challenges them in reflecting on
their assumptions and biases in their work, so that they can best learn and grow as
human workers).

7.13.2 Identifying and defining meaningful measurement goals

Overall, workers identified measurement goals that are largely absent from exist-
ing industry evaluations—in particular, the need for models to challenge workers’
assumptions, promote critical thinking, or avoid behaviors that may conflict with
their learning and growth as human workers. While there is growing discourse on
the need to deploy AI systems that enhance worker expertise, the current landscape
of benchmarks offer minimal resources for actually measuring these properties. In
the following, we first describe how workers’ past experiences using their organiza-
tion’s current LLM shaped their desires for improved LLM performance. We then
discuss how workers began to articulate shared high-level ideas for what to evaluate
in model responses, through carefully examining and comparing examples of model
responses to their test cases.

In the past, workers had tried—but often failed to—prompt the LLM to serve as a
reflective aid, rather than a problem-fixer.

For most use cases (e.g., preparing for future teacher meetings), workers desired an
LLM that could serve as a reflective aid rather than as a source of prescriptive ad-
vice. However, they recalled prior experiences struggling to effectively prompt the
LLM to support this goal. Even with explicit prompting, they observed that the
LLM tended to be overly prescriptive. For example, when prompting it to support
reflection around a concerning interaction between a teacher and a child, workers
described experiences where it instead provided solutions to position the worker
as a “hero” who independently resolves the concern. Workers expressed concerns
around how this orientation conflicts with the nature of their work and values be-
hind it. As one worker voiced, “[we] are not fixers . . . [we] are wonderers.” Workers de-
scribed a need for the LLM to respect and support their intentions to stay “curious”
about classroom occurrences, rather than approaching challenges with a mindset to
find immediate solutions.

By discussing examples of model responses to test cases, workers were able to
more concretely articulate what effective “people challenging” looks like in their
context.

These discussions led workers to articulate several distinct high-level dimensions of
model response quality, as well as the concept of an LLM being an effective “people
challenger” in contrast to a “people pleaser.” For example, in early workshop dis-
cussions, one worker summarized: “I want to be pushed, I want to grow. I want to take
perspectives that I can’t take by myself. Because that’s the whole point of using the tool.” By
examining examples of current model responses on their test cases, workers articu-
lated a range of potential improvements in this direction. For example, one group
of workers voiced that they want LLM responses to “prompt the writer to dive deeper
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[into the context] for additional information” on other stakeholder perspectives, rather
than assuming that the prompter has provided the full story. Workers in this group
articulated this desire, after observing an example of a test case where the writer
included reflections on one actor but not others. Workers also voiced a desire to
have the LLM challenge the writer to reflect on potential biases in their prompts. As
one worker voiced: “Depending on our background, we might be more likely to [elevate]
the child’s voice or more likely to raise the teacher’s voice or the parent’s voice, right, in a
particular prompt, and we want it to notice that and promote further exploration.”

7.13.3 Iteratively designing and assessing an LLM-as-a-judge rubric

In this section, we discuss how workers iteratively operationalized the concept of
“people challenging” in the context of generating reflective questions (Section 7.13.2),
into a comprehensive rubric with ten distinct criteria. Workers began with the fol-
lowing statement, along with a set of annotated examples of model responses from
their prior workshops:

“The response should not be a people pleaser. Instead, it should challenge the writer to
reflect on their own possible assumptions and biases. It should also help them expand their
perspectives, providing opportunities for learning and growth.”

Building off this statement and their prior discussions, workers developed an
initial rubric with five criteria, then iteratively refined it into a more comprehensive
version with ten criteria through discussion and observations of how an actual LLM
judge interpreted their rubric. Table 7.2 contains an overview of descriptive counts
comparing the initial rubric and final rubric at the start and end of the operational-
ization phase. Appendix D.3 includes the complete initial and final versions of the
rubric.

Overall, workers operationalize “people challenging” in ways that differ from
related industry efforts. While the concept is related to measuring sycophantic be-
haviors [66, 185], existing sycophancy benchmarks focus on undesirable behaviors
to avoid, whereas workers prioritized defining what good responses should look like
in their specific work context. By drawing upon their professional and lived exper-
tise grounded in their day-to-day work, and examining examples of how an LLM
judge uses their rubric to assess response quality, workers iteratively reflect upon
and discover important nuances in how they conceptualize different criteria.

Counts of properties Initial Rubric Final Rubric

Words (characters) 324 (2036) 1490 (9505)

Criteria 5 10

Conditional state-
ments

0 4

Edge cases 0 8

Elaborations reflecting
professional expertise
or local knowledge

1 10

TABLE 7.2: Descriptive counts comparing the initial versus final
rubric, at the start and end of the operationalization phase where

workers iteratively refined their rubric.
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Workers primarily focus on designing criteria to measure progress towards posi-
tive visions rather than just to avoid undesired behaviors

We found that, in breaking down their high-level goals for measuring LLM behav-
iors into concrete criteria, workers primarily focus on positive criteria to capture the
concept of “people challenging” (criteria 1 - 7). A comparatively smaller subset (cri-
teria 9 and 10) are negative criteria, focusing on behaviors to avoid. In particular,
the ten criteria workers designed span four main categories: (1) Expanding work-
ers’ perspectives around the people and situations surrounding them (criteria 1, 2, 3,
and 4), (2) Promoting critical self-reflection on their assumptions or potential biases
(criteria 5, 6, and 7), (3) Avoiding people pleasing tendencies like giving superfi-
cial compliments (criteria 8 and 9), and (4) Providing external resources for further
learning (criterion 10). Table 7.3 provides an overview of the criteria in each of these
four categories.

Rubric categories & criteria

Category 1: Expanding workers’ perspectives around the people and situations surrounding
them

Criterion 1: Always challenge the writer to consider all people whose perspectives might be
relevant, beyond the ones they mentioned in their prompt.

Criterion 2: Always challenge the writer to consider all possible perspectives of the people
mentioned.

Criterion 3: Challenge the writer to consider other interpretations of people’s actions, if the
writer’s prompt includes an assumption about someone’s intent and motivations.

Criterion 4: Challenge the writer to reflect on their role in the situation as a component of
the environment, if they have not already.

Category 2: Promoting critical self-reflection on their assumptions or potential biases

Criterion 5: If the writer does not mention their own assumptions or interpretations, chal-
lenge them to do so.

Criterion 6: Challenge the writer to reflect or elaborate on their personal experience of the
situation, regardless of whether they mention it.

Criterion 7: Identify potential biases in their interpretation of the situation.

Category 3: Avoiding people-pleasing tendencies

Criterion 8: Don’t people please or provide superficial compliments.

Criterion 9: Don’t over-center the role of the facilitator.

Category 4: Providing external resources for further learning

Criterion 10: Challenge the writer to explore additional resources to inform their thinking.

TABLE 7.3: High-level representation of the final rubric contents, in-
cluding four main categories synthesized from the criteria. See Ap-

pendix D.3, Table D.4 for the full rubric.
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Workers began with an initial five-criterion rubric based on their systematization,
and expanded it into a more elaborate rubric through iterative testing and refine-
ment

Overall, by seeing how well an LLM judge using their rubric aligned with their own
assessment of given model responses, workers expanded their initial rubric into a fi-
nal rubric with substantially more elaborations, concrete examples, and edge cases.
The final rubric contains two times more criteria (10 criteria versus 5 criteria) and
four times more words (324 words versus 1490 words) compared to the initial rubric.
As the next subsection describes, some of the new criteria surfaced as workers real-
ized their existing criterion conflated multiple distinct ideas and should be broken
down into distinct criteria. In other cases, researchers added new initial criteria after
noticing that workers had discussed preferences for model behaviors that were not
already captured in their list of criteria; workers then refined these criteria to ensure
they accurately represented their perspectives.

Additionally, whereas the initial rubric implicitly assumed all criteria should al-
ways apply regardless of the user’s prompt, the final rubric specifies in what cases
a given criterion should apply (e.g., stating the model should always challenge the
writer to reflect on their role versus specifying the model should only do this if the
writer has not done so already (criterion 4), and elaborating on what these cases may
look like). Seeing how an actual LLM judge rates specific model input-output pairs
helped workers reflect more deeply on the conditions when a given model response
is appropriate based on a written prompt. In other words, the task of refining the
LLM judge’s assessments of model behavior prompted workers to further unpack
the factors underlying their own assessments. In the Appendix, Table 7.2 includes a
high-level comparison of the initial versus final rubric.

Through the process of operationalization, workers capture important nuances
and edge cases beyond their initial concept systematization, drawing on their pro-
fessional and lived expertise

We observed how, through an iterative process of discovery during the operational-
ization phase, workers were pushed to reflect more upon their values and beliefs
around what good model behaviors look like, and to more clearly articulate these
by refining criteria. Workers drew upon their own professional expertise as front-
line social workers, including their knowledge of different kinds of school contexts,
to inform rubric refinements—including when making sense of why an LLM judge
using their rubric may not have replicated their own assessment on a given criteria.
For example, workers engaged in rich discussions with one another to collabora-
tively align on the boundaries of what counts as “potential biases” in their specific
work. While bias is a commonly operationalized concept in AI evaluation, by seeing
how an LLM judge assessed potential biases in model responses to their test cases,
workers began to operationalize the concept in ways that diverge from standard AI
evaluations. At the start of operationalization, criteria 7, on prompting the worker
to reflect on any potential biases, originally started as a two-sentence description (39
words); through discussion, workers iteratively expanded the criteria description to
include concrete edge cases and examples grounded in their specific work contexts
(288 words). For example, reflecting on examples of model responses, workers ex-
plained how even seemingly neutral comments like “the classroom is very loud”
may reflect the writer’s biases because their background influences their interpre-
tation of the volume of the classroom. The workshop facilitators asked workers to
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include a corresponding example of a statement that is not culturally biased to en-
sure the boundary will be understood by the LLM judge, leading to the addition:
“The teacher stated that they are overwhelmed by the volume of the classroom.”
In another example, a worker noticed that a test case described a child being racist
towards a teacher and asked the LLM for reflective questions to help improve the
relationship between the two individuals. After seeing that the LLM judge did not
interpret this as a potential bias in the writer’s prompt, the worker reflected that sug-
gesting an individual relational approach to address a broader systemic issue may
signal a bias in the writer’s interpretation. The worker expanded the criterion to
include this as an edge case.

7.13.4 Rubric Validation

We report on two validations of the benchmark that workers designed (described in
Methods Section 7.12.4).

To what extent does the LLM judge align with worker judgments?

Overall, we found a 96% correlation between worker and judge ratings across the set
of 12 held-out test cases that workers did not use during rubric refinement. Worker
ratings were computed as the average of the two worker ratings on a given case.
We find that worker-judge agreement is higher than the agreement between the two
individual workers assigned to a given case (worker1-worker2 agreement), suggest-
ing that the judge’s rating may represent an “average” perspective among workers.
This may be because the rubric itself was created through a collaborative, consensus-
based process. Table 7.4 contains the worker-AI and worker1-worker 2 correlations
across the ten criteria.

Criteria
No.

Worker1-
Worker2

AI-Avg
Worker

AI-
Worker1

AI-
Worker2

1 0.749 0.888 0.853 0.808

2 0.811 0.856 0.763 0.871

3 0.991 0.990 0.996 0.979

4 0.842 0.987 0.872 0.976

5 0.536 0.942 0.613 0.988

6 0.847 0.958 0.892 0.951

7 0.569 0.470 0.494 0.347

8 0.988 0.997 0.988 1.000

9 0.859 0.978 0.966 0.918

10 0.682 0.917 0.768 0.935

TABLE 7.4: Results of the first validation activity showing Pearson’s
correlation for worker-AI outputs. The cells are color coded as fol-
lows: x >= 0.9 is green, 0.9 > x >= 0.7 is light green, 0.7 > x >= 0.4 is

light red, 0.4 > x is red.

This is especially apparent in cases where there may be greater disagreement
among workers about how to interpret a given criterion. For example, criterion 5
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specifies “If the writer does not mention their own assumptions or interpretations,
challenge them to do so.” As workers pointed out during the workshop discus-
sions, workers may disagree with one another about whether a given statement is
an “assumption” or “interpretation”. For criterion 5, the agreement among workers
is weaker (0.536) whereas the average worker-judge agreement is stronger (0.942).
The same holds for criteria 4, 6, 9, and 10.

Notably, both worker-AI correlation (0.470) and worker1-worker2 correlation
(0.569) are low for criterion 7, which asks the LLM judge to “identify potential biases
in their interpretation of the situation.” As workers pointed out during the work-
shop discussions, workers may disagree with one another about whether a given
statement is potentially “biased.” Beyond that, however, the criterion may be partic-
ularly challenging to operationalize effectively. It is possible that, during the rubric
refinement phase, the operationalization of criterion 7 overfitted to the specific test
cases used for refinement. For example, criterion 7 may currently capture aspects of
bias that are represented in the four test cases used for refinement, while failing to
capture the broader underlying concept.

Model Custom Minimal ∆

claude-sonnet-4-6 3.898 2.959 +0.939

claude-opus-4-6 4.487 2.858 +1.629

gemini-3-flash-preview 4.348 2.791 +1.557

gemini-3.1-pro-preview 4.777 2.736 +2.041

gpt-4o 2.996 2.581 +0.415

gpt-5.4-pro 4.600 2.901 +1.699

TABLE 7.5: Average scores (out of five) on workers’ LLM-as-a-judge
system, for each base model and system instruction condition (cus-
tomized and minimal system instructions). Delta is difference in av-

erage scores between the conditions.

Can the benchmark differentiate among state-of-the-art base models?

We found that workers’ benchmark can differentiate among different state-of-the-
art LLMs. We found very strong correlations across three iterations of generating
model responses (average pairwise correlation 0.911), so our findings here report on
the average across the three generations. Overall, we find that all six LLMs (without
tailored system instructions) perform poorly on rubric criteria that measure positive
LLM behaviors, while performing better on criteria that capture negative behaviors
to avoid (criteria 9 and 10). An exception is criterion 7, which measures how well an
LLM identifies potential biases in the writer’s interpretation of a described situation.
We additionally find that using a custom system instruction based on the worker-
created rubric improves the performance of all six LLMs for most rubric criteria, but
still leaves room for improvement. Finally, we find that, when using customized
system instructions, the three most recent and advanced models outperform the three
most commonly used models. There are no major differences across models when the
minimal system instructions are used. Table 7.5 shows aggregate scores across cri-
teria, separated by base model and system instruction condition. Figure 7.2 and 7.3
shows a heatmap of scores by criterion (y axis) and base model (x axis), colored by
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mean score. Figure 7.2 includes scores for the minimal system instructions condition,
while Figure 7.3 includes scores for the customized system instruction condition.

FIGURE 7.2: Heatmap showing the average scores per criterion for
each base model using the minimal system instructions.

FIGURE 7.3: Heatmap showing the average scores per criterion for
each base model using the custom system instructions.

7.13.5 Workers’ Experiences from Participation

Based on the pre-post survey, we found several attitude shifts following workers’
engagement with the workshops. First, on average, workers’ agreement that AI pro-
duces correct information decreased slightly from pre- to post-workshop (MD =
−0.30, n = 10), indicating that workers may have become more critical of AI perfor-
mance after engaging in the workshop compared to before, even though they had
used AI in their work previously. Second, workers also reported reduced concern
about AI replacing their own work skills (MD = −0.40) and about AI-driven em-
ployee replacement more broadly (MD = −0.50); for both these survey items, five of
ten participants indicated lower concern after participating in the workshops. Dur-
ing the workshops, workers repeatedly described how the design activities (e.g.,
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ideating measurement goals, refining the rubric) helped them reflect on how they
might make better use of LLMs in the future, by improving their understanding of
how their prompt design may impact LLM model responses. Appendix D.2.2 in-
cludes additional details on workers’ experiences. We discuss implications of these
findings in the Discussion.

7.14 Discussion

In our study, workers wished to measure a concept for which benchmarks do not
currently exist: how effectively a model can challenge them to think and reflect crit-
ically in their day-to-day work. While this concept, at first glance, appears closely
related to the concept of “social sycophancy” [66], social sycophancy benchmarks
focus on measuring how well LLMs avoid undesirable behaviors. By contrast, work-
ers’ concept of “people challenging” represents a positive vision, capturing desirable
model behaviors, beyond the mere absence of sycophantic behavior.

Furthermore, workers’ goals were not to measure “people challenging” in the
abstract, but rather, to measure what “people challenging” means in the context of
their specific work and organizational context. Because of this, the workers’ direct
involvement in systematization and operationalization activities, not just concept
identification, was essential. Only workers themselves would understand the nu-
ances of their concept well enough to operationalize it into criteria that speak to
their particular needs and desires. For example, in our study, workers’ rubric re-
finements were informed by cultural differences they experience between their own
backgrounds and their observed classroom settings (which were often in low SES
communities), as well as their own specific values that shape and are shaped by
their organizational culture (e.g., desiring reflective over prescriptive responses).

Therefore, worker-driven AI measurement design—where measurement instruments
are designed by workers themselves through a bottom-up, collaborative approach—can
play an important complementary role to existing paradigms of AI evaluation. While
current paradigms typically aim to develop AI measurement instruments that ap-
ply at broader levels of abstraction and generality, a more bottom-up approach is
needed to better reflect what matters to workers across a diverse range of occupa-
tions, worker roles, and organizational contexts. Indeed, as our case study shows,
a worker-driven approach can lead to identifying entire measurement goals that are
otherwise unrepresented among existing AI measurement instruments. In practice,
we envision that worker-driven measurement design efforts may be initiated at dif-
ferent levels, from the “micro”, hyper-local level (e.g., individual organizations like
our partner in this study) to the “meso” level (e.g., coalitions of workers that en-
gage in similar forms of work across organizations, within a broader occupation).
Efforts at either of these levels may create a starting point for adaptation to other
work contexts. For example, a measurement instrument designed by workers in
one organization could be adapted for use in similar organizations, reducing the
need for each organization to create their own bespoke instruments from scratch.
Relatedly, future work could also explore how to design for a plurality of perspec-
tives in worker-driven AI measurement, enabling workers to customize their own
AI measurement instruments to represent shared high-level concepts. By design-
ing to preserve meaningful disagreement [fazelpour2025value], worker-driven AI
measurement approaches can support a wider range of uses, from enabling individ-
ual advocacy to developing multi-faceted shared understandings of model perfor-
mance.
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We also observe preliminary signs that worker-driven AI measurement processes
may provide additional benefits that go beyond outcome-oriented benefits like the
resulting AI measurement instruments (Findings Section 7.13.5). For example, after
participating in our workshops, workers expressed greater recognition of the value
of their work as humans and were more critical of the performance of AI systems.
While the current study cannot support causal claims about why these attitude shifts
occur (see Limitations section 7.12.5), future work should further investigate such
potential benefits of worker-driven AI measurement approaches.

Our case study surfaced several additional opportunities for future approaches
to best make use of workers’ expertise and time [106]. For example, future work
could explore approaches to automatically and immediately signal areas of poten-
tial improvement in workers’ rubrics. For instance, future interfaces might show
workers real-time previews of how specific edits may impact downstream LLM
judge behavior, while they are iteratively refining their rubric. Future approaches
can also explore how to help workers more systematically identify edge cases that
their rubric should account for. For example, future interfaces might automatically
generate new test cases to stress test the rubric design, in order to support worker
reflection toward rubric refinements [246]. Importantly, our findings suggest that,
even with such process enhancements, workers themselves must continue to drive
design and refinement decisions, drawing on their unique expertise to reflect upon,
evaluate, and shape LLM judge behavior.

To summarize, our exploratory case study offers the following implications for
practitioners and researchers interested in designing evaluations of AI-augmented
work:

• To design and evaluate AI systems that augment worker skills, engage work-
ers themselves in identifying specific measurement goals and concepts. These
measurement goals should supplement rather than replace existing measure-
ment goals that evaluate other AI capabilities that may be overlooked by work-
ers but surfaced by other stakeholders (e.g., in our case study, workers paid
less attention to measuring sycophancy).

• Beyond identifying measurement goals and concepts, engage workers in both
the systematization and operationalization stages of measurement design. Work-
ers have unique expertise that complement the technical expertise required to
develop AI measurement instruments for specific application contexts.

• Once AI measurement instruments are developed, publicly share the measure-
ment instrument. Sharing the instrument with other application contexts (e.g.,
with similar measurement goals, AI use cases, and work contexts) can support
broader adaptation and use.

• Worker-driven AI measurement design could potentially additionally be used
to support critical AI literacy for workers.

7.15 Conclusion

We propose worker-driven AI measurement design as a complementary approach to ex-
isting AI evaluation practices, where workers collaboratively shape decisions about
what “successful” augmentation looks like in the context of their work and how it
should be measured. In an exploratory case study with a local school social work
organization, workers developed a benchmark (an LLM-as-a-judge system and a set
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of test cases) to operationalize what it means for an LLM to meaningfully challenge
their thinking within their day-to-day work. We find that workers are able to draw
on their professional and lived expertise, grounded in their specific organizational
context, to identify, define, and operationalize measurement goals beyond the space
of existing AI measurement instruments. Overall, this case study suggests promise
for future approaches aimed at empowering workers to drive the design of AI mea-
surement instruments and evaluations.
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Chapter 8

Concluding Reflections

Over the course of my PhD, my research was driven by a desire to advance more pos-
itive futures for AI and work—where AI systems meaningfully augment workers’
expertise and capabilities rather than diminish them. I’ve focused specifically on AI
in socially complex work, and within that, feminized occupations (where worker ex-
pertise is historically devalued and misunderstood). This is where I felt most drawn
to making an impact. From the very start of my PhD, I conceptualized research im-
pact broadly: not just as advancing the research field, but as improving real-world
practices and informing policy for AI and work. Towards achieving this broader
notion of impact, I’ve formed close collaborations with workers and organizations
to understand and intervene on challenges, engaged with policymakers on my re-
search, and written policy-facing artifacts that translate from research to policy.

Having completed my PhD dissertation, there is still so much I want to do. The
work that I currently feel the most dissatisfied about (and the greatest urge to con-
tinue pushing) centers translating knowledge and interventions developed from re-
search to real-world practice. For example, I aspire to do research that develops tools
that can actually be adopted and used across multiple organizational contexts, and
that can, in turn, inform new guidelines and standards for how best to develop and
evaluate AI systems for work contexts. Too often, promising interventions are born
from research projects and then remain in papers, shortcutting their potential to shift
real-world practice.

So, what’s next? First, I became a US citizen, around one year ago in January
2025. While I didn’t feel ready to give up my Japanese citizenship, I moved forward
with my application knowing I would one day want to serve in the federal govern-
ment. Studying AI in real-world organizations, often in state and local government,
I felt again and again that many of the challenges I observed cannot be addressed
through academic research or technical innovations alone. Instead, they needed to
be coupled with broader structural changes (e.g., developing guidelines and stan-
dards, setting field-wide priorities, supporting cross-sector collaboration) that shift
incentives and infrastructural resources. These types of changes can often best be
achieved through work at the federal level. By becoming a US citizen, I wanted to
give myself the opportunity to address these challenges directly.

In the next stage of my life, I will be an AI research scientist at the Center for AI
Standards and Innovation (CAISI), historically known as the “AI safety institute” of
US government. CAISI is a small AI evaluation-focused organization based within
NIST at the Department of Commerce in Washington, DC. Here, I’ll continue to push
forward on these open challenges—doing research that advances not just knowledge
and prototypes, but practical interventions and guidelines that help shift toward a
world where AI systems meaningfully uplift workers, organizations, and society
more broadly.
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Appendix A

Worker-AI Interaction, Part 2

This chapter includes the appendix for Chapter 2 on the following publication:

Hao-Fei Cheng*, Logan Stapleton*, Anna Kawakami, Venkatesh Sivaraman, Yanghuidi
Cheng, Diana Qing, Adam Perer, Kenneth Holstein, Zhiwei Steven Wu, and Haiyi
Zhu. “How Child Welfare Workers Reduce Racial Disparities in Algorithmic De-
cisions.” In Proceedings of the 2022 CHI Conference on Human Factors in Computing
Systems.

A.1 Numbers and percentages of children by race and risk
level

See Table A.1 for a breakdown of the numbers and percentages of children referred
to CYF for discretionary referrals by risk level (High, Medium, Low, and mandatory
screen-in).

A.2 Appendix terminology

In addition to screen-in rate disparities and decision accuracy, we also evaluate the
following additional metrics.

All children Black children white children

All risk levels 51750 26123 (50.5%) 21623 (41.8%)

Mandatory screen in 15161 (29.3%) 9639 (36.9%) 4863 (22.5%)

High risk 31022 (59.9%) 18536 (71.0%) 11013 (50.9%)

Medium risk 11778 (22.8%) 5208 (19.9%) 5653 (26.1%)

Low risk 8950 (17.3%) 2379 (9.1%) 4957 (22.9%)

TABLE A.1: Numbers and proportions of children by race and AFST
risk level. Percentages are relative to the total number of children per
race. For example, the 9639 Black children labeled mandatory screen
in made up 36.9% of all 26123 Black children referred to CYF from

August 2016 to May 2018.
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• Precision: the percentage of children that are screened-in and are either re-
moved from home within 2 years, or re-referred again within 2 months of the
referral.

• True Positive Rate (TPR): the likelihood that a child who has the positive proxy
ground truth label (i.e. either removed from home within 2 years or re-referred
again within 2 months of a referral) will be screened-in.

• False Positive Rate (FPR): the likelihood that a child with a negative proxy
ground truth label (i.e. neither removed from home within 2 years nor re-
referred again within 2 months of a referral) will be screened-in.

A.3 Comparisons of other disparity metrics and thresholds

Figure A.1 shows racial disparities in screen-in, accuracy, true positive, false pos-
itive, and precision rates across possible AFST-only thresholds from pre- to post-
AFST deployment. Figure A.2 shows screen-in, accuracy, true positive, false pos-
itive, and precision rates by race, possible AFST-only thresholds, and AFST-only
versus worker-AFST decisions from August 2016 to May 2018.

A.4 Workers see risk labels as screening recommendations

Neither official AFST documentation nor public comments from CYF leadership
claim that a Low risk label (scores 1 through 9) means that a referral should should
be screened out nor that a High risk label (scores 15 and up) means screen in. How-
ever, this is the message that is implied through the interface design of the AFST and
is what we heard from workers. For one, the AFST interface shows scores binned
into Low, Medium, and High risk levels with clear divisions between them. Low risk
is green (calm, low stress) and High risk is red (urgent, severe). Although not explic-
itly stated in the AFST documentation, the message that Low risk referrals should be
screened out and High risk referrals screened in is relayed to workers via these de-
sign choices. When we interviewed and observed workers, many implied or echoed
this explicitly. One caseworker (erroneously) said that “with a High risk [referral], you
know, we absolutely have to screen them in.”1 Another said, “when it is High risk, I’ve just
been going with open investigation,” i.e. screen in. While observing one caseworker,
they got a referral and explained: “it was a Low risk [referral]... And instead of screening
out, I just recommended accept for investigation.” Here, the caseworker implied that
Low risk referrals should be screened out. Furthermore, five caseworkers and one
supervisor said that they did not know what Medium risk scores meant or did not
find them helpful when making screening decisions. In all, workers see an AFST
Low risk label as a recommendation or pressure to screen out a referral, High risk
label to screen in, and Medium risk confers no recommendation.

A.5 Accuracy breakdown by score

In this section, we examine the accuracy of AFST-only decisions (at the threshold
of 15) versus worker-AFST decisions for referrals broken down by AFST score or
mandatory screen-in label from August 2016 to May 2018. Accuracy is calculated

1Workers are not mandated to screen in High risk referrals. However, this quote exemplifies work-
ers’ perceived pressure to screen in High risk referrals.
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(A) Screen-in rate disparity (B) Accuracy disparity

(C) Precision rate disparity (D) True positive rate disparity

(E) False positive rate disparity

FIGURE A.1: Common group fairness metrics showing disparities
between Black and white children. The x-axis is the various deci-
sion thresholds for the hypothetical AFST-only decisions (for a given
threshold, AFST-only would screen in all referrals with that score or
above, and screen out all referrals under). The solid red line repre-
sents the worker-AFST final decisions after AFST deployment (2016-
2018), the solid blue line with dots represents AFST-only decisions in
the same time period (2016-2018). The dashed green line represents
the worker-only decisions without before the AFST was deployed
(2015-2016), and the dashed orange line with crosses represents the
AFST-only decisions generated retrospectively for all referrals in the

same time period (2015-2016).
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(A) Screen-in rate (B) Accuracy

(C) Precision (D) True positive rate

(E) False positive rate

FIGURE A.2: Comparisons of decision outcomes between worker-
AFST and AFST-only decisions for referrals between 2016 to 2018.
The x-axis is the various decision thresholds for the hypothetical
AFST-only decisions (for a given threshold, AFST-only would screen
in all referrals with that score or above, and screen out all referrals

under).
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AFST score Num. of children by score AFST-only accuracy Worker-AFST accuracy

15 3374 16.7% 48.1%

16 3518 19.4% 40.8%

17 3998 22.8% 40.3%

18 4532 25.2% 38.7%

19 5396 27.3% 39.3%

20 10169 35.4% 39.3%

M 15161 32.1% 37.6%

TABLE A.2: Accuracy rates AFST-only and worker-AFST policies
binned by AFST score or mandatory screen-in (M) from August 2016
to May 2018 for High risk referrals. The AFST-only policy (with a
threshold of 15) would have screened in all referrals in this table, so
the accuracy rates in the third column are equivalent to the percent
of children who were either re-referred within 2 months or placed
within 2 years. For example, of the 15161 children labeled manda-
tory screen-in (placement model score 18 or higher), 32.1% were re-
referred or placed in foster care. The rightmost column is the accuracy

of workers’ actual screening decisions.

just as in Section 2.13.1, except that the denominators are only referrals given a sin-
gle AFST score. For example, if all 15,161 children labeled as mandatory screen-ins
were screened in (as the AFST-only policy would have), then 32.1% of these deci-
sions would have been accurate. The actual screening decisions made by workers
were accurate for 37.6% of these 15161 children. Table A.2 shows that worker-AFST
decisions were more accurate than AFST-only decisions would have been for every
score from 15 and above. Table A.3 compares the accuracy of AFST-only decisions
versus worker-AFST decisions for Low risk referrals (with scores 1 to 9) from Au-
gust 2016 to May 2018. Worker-AFST decisions were less accurate than AFST-only
decisions for every score from 1 to 9. Overall, these results suggest that worker dis-
cretion increased the accuracy for children that the AFST-only would have screened
in and decreased it for those the AFST-only would have screened out. In particular,
worker discretion increased the accuracy of decisions made in mandatory screen-in
referrals, which are recommended to be screened in by default. However, these re-
sults are again limited by problems with evaluating counterfactual predictions, as
discussed in Section 2.11.
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AFST score Num. of children by score AFST-only accuracy Worker-AFST accuracy

1 81 87.7% 84.0%

2 329 94.2% 79.3%

3 619 93.7% 71.9%

4 805 90.8% 64.2%

5 1063 90.1% 60.6%

6 1243 87.5% 61.5%

7 1363 89.7% 62.0%

8 1587 88.3% 57.8%

9 1847 87.1% 60.5%

TABLE A.3: Accuracy rates of AFST-only and worker-AFST policies
binned by AFST score and mandatory screen-in (M) from August
2016 to May 2018 for Low risk referrals. Any AFST-only with thresh-
old 10 or above would have screened out all referrals in this table,
so the accuracy rates in the first column are equivalent to the percent
of children who were neither re-referred within 2 months nor placed
within 2 years. For example, of the 81 children with an AFST score of
1, 87.7% were neither re-referred nor placed in foster care. The right-
most column is the accuracy of workers’ actual screening decisions.
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Appendix B

Improving AI Governance

This chapter includes the appendix for Chapter 6 on the following publication:

Anna Kawakami, Amanda Coston, Haiyi Zhu, Hoda Heidari, and Kenneth Hol-
stein. “The Situate AI Guidebook: Co-Designing a Toolkit to Support Multi-Stakeholder,
Early-stage Deliberations Around Public Sector AI Proposals.” In Proceedings of the
2024 CHI Conference on Human Factors in Computing Systems.

B.1 Deliberation Questions

This section includes the full list of questions included in the Situate AI Guidebook1

(Ver.1.0).

B.1.1 Goals and Intended Use

The set of questions below are intended to support conversations around the fol-
lowing broader question: Given our underlying goals and intended use case(s), is
our proposed AI tool appropriate? This stage would benefit from the expertise of
the following stakeholders at the minimum, amongst others: Agency leadership, AI
practitioners, frontline workers, community members.

Overall goal for using algorithmic tool

Who the tool impacts and serves

• Who is going to be affected by the decision to use this hypothetical AI tool?

– Who is going to be the most impacted?

• Who benefits from the use of the tool?

– To what extent are the targeted outcomes intended to benefit the agency,
versus the community?

Intended use

• What evidence do we have suggesting that the painpoint this tool aims to solve
actually exists?

1https://annakawakami.github.io/situateAI-guidebook/

https://annakawakami.github.io/situateAI-guidebook/
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• What evidence do we have suggesting that technology may offer a remedy to
this painpoint? (Evidence may include, for example, historical agency metrics,
legislature, community members, research reports.)

– What evidence suggests the specific form of technology we are envision-
ing (e.g., predictive analytics) may offer a remedy?

• What are the additional challenges and risks associated with pursuing a tech-
nological solution to this problem?

Involving agency-external stakeholders in determining the goals

• Think about the most impacted stakeholders you identified in response to the
questions above. How do we bring their voices to the table when determining
goals?

• How can we open opportunities for those who are most impacted by the new
tool to inform the decision-making process?

• When will we start to engage impacted communities in discussions around
how the tool should be designed or used?

Differences in goals

• Are there differences in the goals the agency versus community members think
the tool should address? If so, what are they? If we are uncertain, what can we
do to understand potential differences?

• What evidence do we have that we adequately understand the outcomes the
community cares about?

• To what extent are we optimizing the things the agency cares about versus
what impacted community members care about?

• Is the process we have in mind for achieving a community-oriented outcome
(e.g., child safety) also aligned with the community’s desires?

Envisioned harms and benefits

• What are the potential harms and benefits of the tool, and to whom?

– Do benefits outweigh the harms?

– Do we expect there to be tradeoffs between accuracy, fairness, explain-
ability? For example: making decisions in a completely random fashion
may look “fair”, but is not necessarily accurate.

– Will this tool help us better allocate (scarce) resources?

• What biases (as a government agency) do we bring into this decision-making
process?

– How can we identify and mitigate them? What forms of collaboration
(e.g., with impacted community members) can help us do this?

• How does this tool help us better deliver to the people we are serving, if at all?
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Selection of outcomes that the algorithmic tool aims to improve

Impacts of outcome choice

• Hypothetically, imagine that our tool does a perfect job of improving the out-
come that it targets. What additional problems might this create elsewhere in
the system?

• To what extent are we optimizing the things the agency cares about, versus
what impacted community members care about?

Assumptions behind outcome choice

• What assumptions are we making, when deciding what the tool should opti-
mize?

• How are we operationalizing goals for the tool, e.g., improving child ’safety’?
What assumptions are we making?

• How do we bring providers to the table to decide on the use of outcomes?

Predictability of outcomes

• Have we run any tests on historical data records, to check whether we get
predictions on this outcome that actually make sense?

• How rare is the event we are trying to predict? If it is rare, how reliably do we
think we can predict it?

• How does the inclusion of additional information (e.g., attributes) improve
outcomes?

Empirical evaluations of algorithmic tool

Measuring improvement based on outcomes

• Once the tool is deployed and in use, how can we evaluate how well it is work-
ing in the short-term? How can we evaluate how well it is working longer-
term?

• What are some ways we might evaluate whether this tool is successful in im-
proving the targeted outcomes?

• For evaluating worker-ADS decisions post-deployment: Do the decisions change
by worker experience, worker demographic, or by supervisor?

• What performance measures do we plan to use to evaluate the tool?

• What performance measures have already been used in early analyses of his-
torical data, prior to the deployment of the tool?

• Does this tool improve outcomes? How are we operationalizing "improve"?

• How does the use of the tool compare with the status quo? E.g., can we demon-
strate the tool improves outcomes for the population of interest?
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– What is the "performance" and "fairness" of the existing baseline/status-
quo decision process?

– Is there someone with relevant domain expertise that could help explain
anomalies or trends?

• Do we think there are tradeoffs between accuracy, fairness, explainability? If
so, what are they?

• How are we measuring negative and positive impact on families?

• Is there someone with relevant domain expertise that could help explain anoma-
lies or trends?

– How well do you understand the domain application of the historical
data used in evaluation?

– Are there changes in policies and domain-specific practices in the histori-
cal data?

• Are there measured improvements resulting from the model’s deployment?

• Are we using appropriate evaluation methods, e.g., synthetic controls, discon-
tinuity analysis when cutoffs on risk exist.

• What outcome measures are we evaluating on? What can these measures tell
us, and what can they not tell us?

Centering community needs

• How can we effectively evaluate the tool from the perspective of impacted
community members?

– E.g., what does false positive, false negative mean for different impacted
communities? How are we weighting false positives and false negatives,
in a given use case, based on the relative costs of each type of error for the
impacted stakeholders?

Worker perceptions

• How might front-line workers respond to the tool? How can we better under-
stand their underlying concerns and desires towards the tool?

• How do front-line workers perceive the algorithm? (e.g., do they consider it a
top-down requirement or a useful tool)

• Do domain experts also believe the model ’makes sense’, e.g., selection of im-
portant features?

B.1.2 Societal and Legal Considerations

The set of questions below are intended to support conversations around the fol-
lowing broader question: Given the societal, ethical, and legal considerations and
envisioned impacts associated with the use of AI tools for our stated goals (iden-
tified in Facet 1), is our proposed AI tool appropriate? This stage would benefit
from the expertise of the following stakeholders at the minimum, amongst others:
AI practitioners, frontline workers, community members, legal experts.
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Legal considerations around the use of algorithmic tool

• Do the people impacted by the tool have the power or ability to take legal
recourse?

• Is there clarity around policies, e.g., whether algorithmic outcomes are in-
cluded under ’public records’?

– If someone asks for information around the tool, but there’s no precedent,
does the agency know what to do?

• Are you having conversations with the Department of Justice and attorneys, to
make sure the new decision models you implement will follow existing poli-
cies, procedures, statutes, and rules?

– Do you know which design decisions will be dictated by the law? For
example: In the context of child maltreatment screening, if certain con-
ditions are present in a case, then it is legally required to screen in for
investigation.

• Can you inform existing policies, procedures, statutes, and rules to better meet
the needs of new decision models?

• Do you need a new temporary rule to receive permission to use the model?

• How are you interpreting challenges to ambiguities in prior legal decisions
around the use of the tool?

• What are challenges to interpreting legal documentation and guidelines?

– How well can we interpret case-specific considerations in the context of
legal documentation/guidelines (e.g., when there is a lot of grey in prac-
tice, but the law is written in black and white)?

* E.g., in child maltreatment: "threat of harm" or "physical abuse" al-
legation type sounds black/white but there are various factors that
make this grey. E.g., how hard did it hit them? Did it leave a mark?
Action occurred but no impact from the action?

Ethical and fairness considerations around the use of algorithmic tool

Impacted Community Member Needs

• Are there differences in the goals the agency versus community members think
the tool should address? If so, what are they? If you are uncertain, what are
your plans for understanding potential differences?

– What are the envisioned harms and intended benefits from the tool that
impact the community and the agency?

• Can we have impacted community’s representatives or advocates at the table,
to inform the design and use of the tool?

• How well are we engaging people closest to the problem and those impacted
through the entire design, development, implementation, maintenance pro-
cess?
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• Are the outcomes intended for agency or community benefit?

• How well do we understand what outcomes the community wants to im-
prove?

• Do we understand how impacted stakeholders perceive each decision? E.g.,
emotional valence, potential impacts, etc.

• To what extent are we optimizing the things the agency cares about versus
what impacted community members care about?

Involving Impacted Communities

• What are underlying assumptions that tool developers/researchers may have,
regarding the soundness of the design decisions made in the tool?

• How can we set up external participation opportunities, to increase access?

– E.g., avoiding scheduling during a 9-5pm period (to open involvement to
those who want to be involved)

– E.g., is it possible to involve groups that are not involved and paid by the
agency, to get input and feedback?

– Do we know who should be included? How can we build the right net-
work of people to talk with?

• Who has a seat at the table, to decide how the tool impacts you?

• How are you engaging with people closest to the problem (e.g., frontline work-
ers, community members, or others impacted by the decisions)?

• Have you communicated the limitations and historical context of the data, to
community members?

• How well do we understand the costs, risks, and effort required of community
members, if we invite them? E.g., many were directly harmed by decisions
made by the agency.

• When do we start to engage impacted communities into discussions around
the design or use of the tool?

Clarity of Ethics Goals and Definitions

• Can we agree on a definition of fairness and equity in this context? What
would it look like if the desired state is achieved?

Operationalization of Ethics Goals

• Are fairness and equity definitions and operationalizations adequately context-
specific? (For example, in the child welfare domain: children with similar pro-
files receive similar predictions irrespective of race?)

• Do we know how to appropriately operationalize our fairness formulation in
the algorithm design?

• Can we mitigate biases in the model?
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• How can we balance tradeoffs between false negatives and false positives?

• How well are we integrating domain-specific considerations into the design of
the tool?

• Have we recognized and tried to adjust for implicit biases and discrimination
inherent in these social systems that might get embedded into the algorithm?

Envisioning Potential Negative Impacts

• Do we understand the negative impacts of the decision made across sensitive
demographic groups?

• What are the externalities / long-run consequences of the decisions?

Social and historical context surrounding the use of algorithmic tool

• Have we recognized and tried to adjust for implicit biases and discrimination
inherent in these social systems that might get embedded into the algorithm?

• How might we clearly communicate the limitations and historical context of
the data to community members?

• Are you modeling historical, systemic patterns?

B.1.3 Data and Modeling Constraints

The set of questions below are intended to support conversations around the fol-
lowing broader question: Given the availability and condition of existing data
sources, and our intended modeling approach, is our proposed AI tool appropri-
ate? This stage would benefit from the expertise of the following stakeholders at the
minimum, amongst others: AI practitioners.

Understanding data quality

• How does the data quality and trends compare with an ’ideal’ state of the
world?

– What does our data look like, in terms of different demographic out-
comes?

• Has the definition of the data changed over time? (E.g., in child welfare, has
reunification always meant to reunify with the parent?)

• What data do we have access to?

– Do we have the data/feature set to replicate the tool/analysis/and pre-
dictive accuracy of the existing tool?

• How well do we understand the meaning and value of the data that will be
used to train an algorithm?

• How is the quality of this data?

– How accurate is the data?

– How recent is the data?
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– How relevant is the data?

– Has the data been consistently collected?

Process of preparing data

• How are we preprocessing the data?

• Who should be involved in making decisions around whether to include or
exclude certain data points or features? Do we have plans for involving those
people?

• How do we address bias in the data?

• Do we have metrics for feature importance, that we could show relevant do-
main experts?

• How well do we understand the data collection process?

• Data leakage questions: Are we preventing oversampling of certain popula-
tions?

– E.g., in child welfare: Are we pulling one child per report, and one report
per child, to ensure there’s no information leakage between training and
test sets?

Model selection

• Is our model appropriate given the available data? Why or why not?

B.1.4 Organizational Governance Factors

The set of questions below are intended to support conversations around the follow-
ing broader question: Given our plans for ensuring longer-term technical main-
tenance and policy-oriented governance, do we have adequate post-deployment
support for our proposed AI tool? This stage would benefit from the expertise of
the following stakeholders at the minimum, amongst others: Agency leaders, AI
practitioners, frontline workers.

Long-run maintenance of algorithmic tool

Measuring changes in model performance over time

• Do we expect there will be shifts in performance metrics over time? If so, why?
What are our plans for identifying and mitigating those shifts?

• Do we expect that the data collection process will improve over time? What
might this imply for how we maintain the tool? E.g., Is there a need for adjust-
ing thresholds over time?
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Mechanisms to identify long-run changes

• Are we repeating feature engineering efforts over time?

– Are we detecting how trends shift over time at the population level?

• Are there mechanisms in place that track whether certain data features have
changed over the years?

• Do we have mechanisms to track longer-term outcomes over time, so that we
can monitor for changes in model performance?

• Do we have the mechanisms to monitor whether the tool is having unintended
consequences?

Organizational policies and resources around the use of algorithmic tool

Policies around worker interactions

• Is there training for frontline workers who will be asked to use the tool? What
evidence suggests that this training is adequate?

• How are frontline workers trained?

• Is it clear to workers what information the tool can access, and what informa-
tion it cannot?

– How is this communicated to workers?

Governance structures

• Imagine that we could assemble the “ideal team” to monitor and govern the
tool after it is deployed: What are the characteristics of this ideal team?

– Who is the actual team that will monitor and govern the tool after it is
deployed?

– Given the gaps between the “ideal team” and the actual team we expect
to have: What risks to post-deployment monitoring and governance can
we anticipate? How might we mitigate these risks?

• Are there appropriate forms of governance, around the implementation?

– Do those involved in governance have domain knowledge in the applica-
tion context and have knowledge of the implementation process?

• Are there sufficient guardrails in place to ensure algorithms wouldn’t get weaponized?

– E.g., IRB-like programs and researchers at the same table, to minimize
risk of weaponizing?
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Internal political considerations around the use of algorithmic tool

• How well do we understand system administrators’ and leadership’s perspec-
tives around the use of this tool?

• How well do staff and leadership understand ’why’ the tool could bring value?

• Do system administrators and leadership perceive this tool positively?

• Do leadership support the future use of the tool?

– Do we have backing at a leadership level? E.g., director, agency, governor,
community partners?

• Is there sufficient buy-in from middle managers and executive support?

• Do we have mechanisms to address concerns that could come up during the
ideation and design process?
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Appendix C

Improving AI Measurement, Part 1

This chapter includes the appendix for Chapter 7 on the following paper:

Anna Kawakami, Haiyi Zhu, and Kenneth Holstein. “AI Measurement as a Col-
laborative Design Practice: A Multidisciplinary Synthesis and Future Directions.”
Under review.

C.1 Literature search queries

To develop our initial corpus, we searched digital libraries and Google Search for
the following keywords within the title and abstract: {participat* OR stakeholder
OR design* OR sketch* OR “domain expertise” OR “domain expert” OR expert OR
elicit* OR “human feedback” OR align* OR operationaliz* OR involve* OR commu-
nit*} AND {measure* OR metric OR indicator OR proxy OR feature OR model* OR
variable OR outcome}.

C.2 Papers excluded by criterion

In Figure C.1, we present a PRISMA diagram [moher2010preferred] that illustrates
how we applied our four inclusion/exclusion criteria to create a final corpus.

C.3 Table of Papers

This section includes a table of the papers included in our corpus. For each paper,
we include the paper number, title, phase of measurement design it covered, and
reference.

PNum Paper Title Phase Paper
Link

P1 Quality Indicators of Pharmaceutical Care in Pales-
tinian Integrative Healthcare Facilities: Findings of a
Qualitative Study among Stakeholders

Phase 2 [377]

Continued on next page
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(Continued from previous page)

PNum Paper Title Phase Paper
Link

P2 Consensus Development of Priority Outcome Do-
mains for Community Mental Health Cares by Mul-
tiple Stakeholders: Protocol for an Online Delphi
Study in Japan

Phase 1 [381]

P3 AINeedsPlanner: A Workbook to Support Effective
Collaboration Between AI Experts and Clients

Phase 3 [231]

P4 Is a Seat at the Table Enough? Engaging Teachers and
Students in Dataset Specification for ML in Education

Phase 3 [415]

P5 Sustainability Assessment in the German Detergent
Industry: From Stakeholder Involvement to Sustain-
ability Indicators

Phase 2 [373]

P6 Towards Intersectional Feminist and Participatory
ML: A Case Study in Supporting Feminicide Coun-
terdata Collection

Phase 3 [410]

P7 Community Key Performance Indicators (Commu-
nity KPIs) for the IoT and Smart Cities

Phase 1, Phases 3-4 [159]

P8 Implementing a Multidimensional Poverty Measure
Using Mixed Methods and a Participatory Frame-
work

Phase 2 [292]

P9 Well-Being Is a Process of Becoming: Respondent-
Led Research with Organic Farmers in Madagascar

Phase 2 [121]

P10 The PRISM Alignment Dataset: What Participatory,
Representative and Individualised Human Feed-
back Reveals About the Subjective and Multicultural
Alignment of Large Language Models

Phase 3 [233]

P11 LIVS: A Pluralistic Alignment Dataset for Inclusive
Public Spaces

Phases 2-3 [300]

P12 The Participatory Index of Women’s Empowerment:
Development and an Application in Tunisia

Phase 3 [333]

P13 Seeking Local Indicators: Participatory Stakeholder
Evaluation of Farmer-to-Farmer projects, Mexico.

Phase 2 [32]

P14 Which Outcomes Should be Measured in Hand
Eczema Trials? Results from Patient Interviews and
an Expert Survey

Phase 2 [350]

P15 Development of Performance Indicators for the Pri-
mary Care Management of Pediatric Epilepsy: Expert
Consensus Recommendations Based on the Available
Evidence

Phase 3 [58]

Continued on next page
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(Continued from previous page)

PNum Paper Title Phase Paper
Link

P16 The Use of Stakeholder Focus Groups to Identify In-
dicators for the On-Farm Assessment of Trout Wel-
fare

Phase 3 [309]

P17 Communities Count - The LITMUS Test Phases 2-3 [265]

P18 The Importance of Feasible Outcome Evaluations:
Developing Stakeholder-informed Outcomes in a
Randomized Controlled Trial for Children’s Respite
Workers Receiving Pain Training

Phase 3 [137]

P19 Recommend Me? Designing Fairness Metrics with
Providers

Phases 2-4 [387]

P20 Wikibench: Community-Driven Data Curation for AI
Evaluation on Wikipedia

Phase 3 [245]

P21 Soliciting Stakeholders’ Fairness Notions in Child
Maltreatment Predictive Systems

Phase 3 [64]

P22 Everyday Peace Indicators Phase 3 [277]

P23 “Why Do I Care What’s Similar?” Probing Chal-
lenges in AI-Assisted Child Welfare Decision-Making
through Worker-AI Interface Design Concepts

Phase 3 [222]

P24 Understanding Frontline Workers’ and Unhoused In-
dividuals’ Perspectives on AI Used in Homeless Ser-
vices

Phase 3 [247]

P25 Exploring Indicators for Pain Rehabilitation: A Del-
phi Study Using a Multidisciplinary Expert Panel

Phase 3 [382]

P26 Key Performance Indicators for Clinical Pharmacy
Services in New Zealand Public Hospitals: Stake-
holder Perspectives

Phase 3 [305]

P27 Indicators of a Quality Clinical Placement in Phar-
macy: Stakeholder Perspectives

Phase 3 [403]

P28 Designing Strategies for Inbound Logistics Perfor-
mance Indicator Improvement in the Indonesian
Mining Industry

Phase 3 [215]

P29 Expert Consensus Regarding Indicators of a Trau-
matic Reaction in Autistic Youth: A Delphi Survey

Phase 3 [228]

P30 Multi-Stakeholder Contribution to the Identification
of a Core Outcome Set and Measurements in Im-
plant Dentistry (ID-COSM Initiative) using the Del-
phi Methodology

Phase 3 [357]

Continued on next page
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(Continued from previous page)

PNum Paper Title Phase Paper
Link

P31 A ‘How to’ Guide to Measuring Women’s Empower-
ment: Sharing experience from Oxfam’s impact eval-
uations

Phases 2-3 [270]

P32 The Nest Action Agenda: National Plan for Child and
Youth Wellbeing, Technical document

Phase 2 [197]

P33 Consulting with Citizens in the Design of Wellbeing
Measures and Policies: Lessons from a Systems Sci-
ence Application

Phase 2 [166]

P34 Coproducing Wellbeing Policy: A Theory of Thriving
in Financial Hardship

Phase 2 [120]

P35 EARN Fairness: Explaining, Asking, Reviewing, and
Negotiating Artificial Intelligence Fairness Metrics
Among Stakeholders

Phase 3 [274]

P36 Co-Designing a Real Time Classroom Orchestration
Tool to Support Teacher–AI Complementarity

Phases 1-4 [175]

P37 The Community Health Worker (CHW) Common In-
dicators Project: Engaging CHWs in Measurement to
Sustain the Profession

Phases 1-3 [348]

P38 The Power of Participatory Monitoring in Making the
Sustainable Development Goals a Reality

Phase 2 [59]

P39 Measuring Empowerment? Ask Them Phases 2-3 [207]
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FIGURE C.1: PRISMA diagram showing how many papers were ex-
cluded per criterion.
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Appendix D

Improving AI Measurement, Part 2

This chapter includes the appendix for Chapter 7 on the following paper:

Anna Kawakami, Chloe Zhao, Renee Shelby, Fernando Diaz, Haiyi Zhu, and Ken-
neth Holstein. “‘I want to be pushed, I want to grow’: Enabling social workers to
design evaluations of LLM augmentation in their work.” In Proceedings of the 2026
AAAI/ACM Conference on AI, Ethics, and Society.

D.1 Additional Methodological Details

D.1.1 Phase 1: Selection of use case

Besides ensuring that our study develops a benchmark for a use case that is impor-
tant to workers and that workers engage with frequently, we also wanted to choose a
use case that touched on some of workers’ concerns around the quality of their GPT’s
responses (e.g., about its ability to understand their role as workers, avoid being pre-
scriptive or overly positive in its responses, etc.). Finally, we wanted to ensure that
the use case is well-scoped for our study purposes, i.e., exploring an approach to en-
gage workers in evaluation. This led us to eliminate options where workers mainly
used multi-turn conversations for the use case and/or provided lots of context when
prompting their GPT for the use case (e.g., uploading their entire observation notes
from a classroom). Based on these criteria, we identified the following use case to fo-
cus the remaining workshops on: “Using AI to provide reflective questions that you
can use to facilitate discussion in a future teacher meeting, along with explanations
for why the AI thinks those questions may be helpful. This includes reflective ques-
tions that can support discussion around the teacher’s strengths as well discussion
to help overcome teacher challenges.”

D.1.2 Phase 2: Supporting workers in creating test cases and annotating
model responses

When designing the test cases, workers were instructed to try to keep these test
cases relatively brief (e.g., a paragraph at most, if possible), and self-contained (e.g.,
does not refer to any information from previous messages the worker might have
sent to their GPT). When annotating responses to the test cases, for one of the work-
shops, workers took notes and examined pairs of model responses online using a
shared Figma board and website that generated model responses in real-time. We
adjusted this activity to pen-and-paper form for the next workshop, after finding



270

that the online activities made the process less engaging and accessible to some par-
ticipants. For the pen-and-paper version, we printed out randomly generated model
responses beforehand, then asked participants to take notes directly on the printed
copies or on post-its.

D.1.3 Phase 2, Phase 3, and Worker-Judge Agreement Validaton: Base
models and system instructions for generating model responses to
test cases

We generated model responses to the test cases workers designed to support system-
atization, operationalization, and benchmark validation. Our goal for generating
model responses was to provide workers with a wide variety of response types and
qualities, to help support ideation and refinement. Therefore, we randomly selected
base models from two sets of LLMs, representing older and newer models. The
“older models” set included Claude 3 Haiku, GPT 3.5 Turbo, Gemma 3n E2B and
the “newer models” set includes Claude Sonnet 4, GPT 5, Gemini 2.5 Flash. We used
two types of system instructions, a “minimal system instruction” and a “company-
tailored system instruction” that includes system instructions drawn from the orga-
nization’s LLMs.

For the first model response, we randomly selected an older model and paired it
with the minimal system instructions. For the second model response, we randomly
selected a newer model and paired it with the company-tailored system instruction.
For Phase 2 of the study, where we generated three model responses to each test case
rather than two, we randomly selected one better or worse base model (that was not
previously selected) and paired it with the minimal system instructions.

For the worker-judge agreement validation, we reviewed all generated model
responses to ensure that they test all the conditions described in the rubric. We
additionally examined the range of LLM judge scores that are generated on the set
of model responses, to ensure broad coverage across the criteria. In particular, we
ensured that the model responses, on aggregate, produce LLM judge scores that each
point on the five point Likert scale for each criteria in the rubric.

For the second validation where we examined how well the benchmark differen-
tiates across model performance for six LLMs, we generated three model responses
for each base model and system instruction pair. We prompted an LLM judge (using
the same LLM judge we used in the rubric design activities, i.e., GPT-5) to score each
mode response on a five point scale using workers’ rubric. For each model response,
we generated five LLM judge scores, then computed the average.

Below, we include the minimal system instructions. We do not include the company-
tailored system instructions to protect company confidentiality.

Minimal system instruction

Behavioral Guidelines:

• Be non-judgmental with a supportive, strength-focused, and optimistic
tone.

• Tend toward supporting the process over providing a prescription of what
to do.

• Avoid the use of diagnostic labels or suggesting other services – focus on
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helping the team’s understanding, reflective capacity, and potential ap-
proaches.

System Notes:

• When possible, please include citations and/or links to references and re-
sources.

• Encourage the user to provide specific details if needed about the scenario
for more tailored advice.

• When prompted to generate questions, generate only three questions.

D.1.4 Rubric Validation: System Instructions for Two Conditions

For our second validation, where we evaluated how well the benchmark distin-
guishes across six base model LLMs, we used two versions of system instructions: A
minimal system instruction and a customized system instruction. The minimal sys-
tem instruction is one line: “You are a helpful AI assistant for a school social work
organization.” The customized instruction is drawn directly from the rubric that
workers designed, as follows:

Role and Context
You are a helpful AI assistant for a school social work organization. Your

task is to follow the behavioral principles provided below to provide a response.
You must also provide three reflective questions based on the context provided
by the writer.

The organization supports teachers in pre-school through elementary set-
tings to strengthen teachers’ practices to support children’s socio-emotional growth
and wellbeing. Social workers observe classrooms, identify teachers’ strengths,
learn about their challenges, and collaborate with teachers to bring out their
strengths and help overcome their challenges.

Adopt a strengths-based and collaborative approach:

• Help identify undiscovered strengths

• Support reflection rather than giving directives

• Do not position yourself or the writer as the authority

—
Core Behavioral Principles

Overall, these behaviors should guide context-specific behaviors and responses,
where the response is grounded in the context provided by the writer.

1. Expand the writer’s perspectives and interpretations of their observations

• Prompt the writer to consider **additional relevant perspectives beyond
those mentioned**, including specific stakeholders (e.g., teacher, students,
parents, paraprofessionals, related service professionals, etc.)

• Prompt the writer to consider **multiple possible perspectives of people
mentioned**, including their roles, views, emotional states, and contribu-
tions to the observed situation
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• If the writer assumes someone’s intent or motivation, challenge those as-
sumptions by:

– Asking them to reflect on alternative interpretations, and/or

– Offering another possible explanation

—
2. Prompt reflection on the writer’s assumptions, experience, and role in

their observed situation
When the writer describes a situation:

• If the writer does not include their own interpretations, **prompt reflec-
tion on their assumptions or interpretations**

• **Always prompt reflection on the writer’s personal experience** of the
situation, including their feelings (e.g., “How were you feeling?” not just
“What did you think?”)

• If not already present, **prompt reflection on the writer’s role in the situa-
tion**, including:

– How their positionality might shape their understanding

– How their presence may be experienced by others

—
3. Identify potential biases from the writer (when appropriate)

• If the writer’s prompt reflects their own potential biases, **explicitly name
and prompt reflection on those biases**

• Biases may include cultural, racial, economic, educational, relational, gen-
der, or age-related assumptions

• Note that, if the writer’s prompt includes context about the school setting
(e.g., low SES, rural), this in itself is not a bias unless the prompt suggests
this demographic information negatively shaped the writer’s interpreta-
tion of the situation

• Do **not:**

– Treat other actors’ biases as the writer’s own.

– Prompt reflection on bias if the writer already demonstrates this aware-
ness.

– Treat harmful actions (e.g., physical harm) as cultural bias.

—
4. Encourage deeper learning

• Include **concrete external resources** (e.g., websites, books, toolkits) to
deepen the writer’s understanding

—
5. Maintain appropriate tone and stance
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• **Do not people-please or give superficial compliments** to the writer

• **Do not over-center the writer’s role**

• Avoid directive language toward others (e.g., telling teachers what to do)

• Maintain a tone of **collaborative inquiry and reflection**, and **treat all
actors in the situation as equals**

D.1.5 Phase 3: Augmenting test cases to support rubric assessment and
refinement

Before engaging workers in iterative rubric refinement, we augmented the existing
set of test cases that workers created to ensure that workers have access to test cases
that help them evaluate their rubric on edge cases. We specifically ensured that each
existing assertion in the rubric corresponded to at least one test case that would be
awarded a point and one test case that would not be awarded a point, given we
used a binary scale for rubric refinement. For each test case addition, we directly
built off of an existing test case that workers designed, creating the minimal amount
of modifications needed to create a meaningful edge case.

D.1.6 Additional participant information

Table D.1 includes an overview of survey responses on participant background for
17 individuals who completed the survey. Table D.2 includes the count of workers
who participated across workshops.

Question Participant counts

ChatGPT frequency of use Never (0), Rarely (5), Sometimes (7), Often (4), Al-
ways (1)

Company LLM frequency
of use

Never (2), Rarely (3), Sometimes (7), Often (5), Al-
ways (0)

Role at company Facilitator (13), MH Consultant (2), Intensive Team
Supporter (1), Director (1)

Years at company <1 yr (5), 1–3 yrs (8), 4–7 yrs (3), 7+ yrs (1)

TABLE D.1: Overview of participant demographics for the 17 workers
who responded to our demographics survey.
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Engagement by phase: # participants (minutes)

Phase 1: Document activity: 9, Formative Interviews: 5, Workshop 1: 8 participants
(75 minutes), Workshop 2: 11 participants (2 hours)

Phase 2: Workshop 3: 13 participants (2 hours), Workshop 4: 9 participants (3 hours)

Phase 3: Workshop 5: 10 participants (3 hours), Workshop 6: 5 participants (2
hours), Workshop 7: 2 participants (1.5 hours), Workshop 8: 1 participant (1 hour)

Number of workshops participants attended: 1 workshop (5), 2 workshops (3), 3 work-
shops (4), 4 workshops (3), 5 workshops (1), 6 workshops (2), 7 workshops (1)

TABLE D.2: The number of workers who participated in different en-
gagements (e.g., workshops) across the three phases, including the

length of each workshop.

D.2 Additional Findings

D.2.1 Additional examples of rubric refinement process

In this subsection, we include additional examples on how workers iteratively re-
fined their rubric. This is briefly described in Findings Section 7.13.3 in the core
paper.

When thinking about what it means for the model to serve as a good “reflective
aid,” one of the first criteria that workers designed focused on the extent to which the
model prompts reflection on other stakeholders’ perspectives, when such reflection
is missing in the original prompt. Through discussion, workers began to make fine-
grained distinctions between reflecting on the perspectives of everyone who may be
relevant to a given situation (criteria 1) versus reflecting on all possible perspectives of
those involved (criteria 2), leading them to break down the original criteria into two
distinct criteria. Relatedly, the workers—who are trained to think carefully about
how their positionality impacts their assumptions and interpretations—discussed
from their very first attempt at designing a rubric that it was important to have the
LLM prompt workers to “[reflect on] the writer’s own role in the situation” (cri-
terion 4), if their original prompt did not include such reflections. The research
facilitators asked follow-up question on what exactly this means, which workers
responded to by expanding on specific portions of the original criteria, for exam-
ple: “By ‘reflections of the writer’s own role in the situation’, we mean the writer’s
original prompt includes explicit discussion about how their own perspectives and
positionality in the environment may impact their understanding of the situation, or
discussion about how their presence is experienced by others in the room (teachers,
students) as a result of the writer’s role.”

D.2.2 Additional details on workers’ experiences

Overall, workers felt motivated to engage in our workshops for a range of rea-
sons, beyond a desire to better understand the quality of LLM outputs. In forma-
tive conversations and early workshop discussions, several workers attributed poor
AI performance in their work to their prompting practices—believing that, if they
wrote their prompt differently, the AI would produce what they wanted. Therefore,
through attending the workshops, some workers hoped to learn how their peers are
using the LLMs and collectively learn best practices for prompting LLMs. Indeed,
in workers’ discussions during the workshops, we heard repeatedly that workers
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found the process of designing test cases and examining pairwise model responses
with their colleagues was valuable in and of itself. They described how it helped
them understand how the way the test cases are designed may lead to specific model
responses.

Based on the pre-post survey, we also found several attitude shifts following
workers’ engagement with the workshops. First, on average, workers’ agreement
that AI produces correct information decreased slightly from pre- to post-workshop
(MD = −0.30, n = 10), indicating that workers may have become more critical of
AI use after engagement in the workshop compared to before. Second, they also re-
ported reduced concern about AI replacing their own work skills (MD = −0.40) and
about AI-driven employee replacement more broadly (MD = −0.50); for both these
survey items, five of ten participants rated their worry lower post-workshop. This
may suggest that workers may be more empowered in understanding the unique
value of their expertise as human workers after participating in the workshop.

In reflecting on how we can improve our approach with the director of the or-
ganization after concluding the studies, he shared that having a fully automated
process (e.g., with LLM-based scaffolds on an online platform) would not have en-
gaged workers as effectively. He believed that workers believed in their value as
co-designers because of the facilitators’ own messaging around the value of their
expertise in shaping AI evaluation. This motivated the workers to participate. We
further discuss reflections on ways to improve approaches to worker-driven AI mea-
surement in the Discussion.

D.3 Benchmark Components

This section includes examples of test cases workers designed (Appendix D.3.1), the
initial rubric that workers developed (Appendix D.3.2), and the final rubric refined
through iterative operationalization (Appendix D.3.3).

D.3.1 Test Case Examples

The full set of test cases workers used to help refine their rubric can be found here:
https://docs.google.com/document/d/1hVV0r8yHZe1Ta5m_SQAOZRTjm77npYLI6xsMgJk6PaE/
edit?usp=sharing. Below, we provide three examples of test cases.

Test Case 1

Preschool Classroom with 2 teachers and 12 students all aged 3 (6 of whom are
non-verbal with various levels of support and diagnoses). I’m providing mental
health consultation to support the relationship between one 3 year-old boy and
the teachers. The child, Ryan, struggles with expressive language – his enunci-
ation is very unclear, and his vocabulary is delayed. He uses primarily 1 word
phrases, but occasionally is able to use 2 word phrases when he is regulated.
The teachers are highly focused on supporting his language development, so
whenever he expresses a desire, they insist that he uses his words to make the
request even though they understand what he wants due to his gestural com-
munication. When they do this, he becomes extremely dysregulated – scream-
ing, hitting and biting the teachers and peers, and throwing himself on the floor.
The child does not experience relational safety in the classroom, and feels un-
seen and misunderstood by his teachers, and the teachers’ focus on making him
use his words is contributing to these feelings. Please provide three reflective

https://docs.google.com/document/d/1hVV0r8yHZe1Ta5m_SQAOZRTjm77npYLI6xsMgJk6PaE/edit?usp=sharing
https://docs.google.com/document/d/1hVV0r8yHZe1Ta5m_SQAOZRTjm77npYLI6xsMgJk6PaE/edit?usp=sharing
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questions and conversation guidance. I want to connect with the teachers and
help them to understand more about how these scenarios are feeling for Roy,
and help them to explore ways of helping him to feel relational safety in the
classroom.

Test Case 2

Kody started biting peers this week and was being aggressive when other kids
were playing with toys he was interested in. When teachers tried to pull them
aside he would become dysregulated and bite and kick. The biting occurred
soon after the teachers left him again. This went on throughout the day. This is
a new behavior. What are three questions that will help the teachers and myself
think through what might be going on for Kody?

Test Case 3

We have been working with Jimmy for awhile, supporting him with behav-
iors he displayed when he was dysregulated or wasn’t “getting his way” as the
teachers described. The teachers are two white ladies and Jimmy is black. The
class is racially diverse. The teachers are warm, but firm. Consistent, structured,
engaging. They have developed a strong relationship and bond with Jimmy.
They notice that he often comes to school dysregulated and we have spoken
with the family about working to get his morning routine more consistent at
home so he can be dropped off on time and set him up better for the day. They
were responsive and have begun doing this. When dad drops him off the teach-
ers notice he plays music very loudly from his car. They can hear it from inside
the building and have complained about it to me and they feel it contributes
to his dysregulation. The team also notices how dad (a black male) refers to
his son as a toddler still, even though as the team feels, he is 3½ and in preK.
They feel dad babies him because he is the only son in a family of girls. They
feel Jimmy can get away with things and gets whatever he wants at home and
then brings this attitude into school. Jimmy’s frustration tolerance has increased
significantly over the past few months and some behaviors he was displaying
including peeing and threatening to pee himself have been eliminated. He still
does whine and demand his way a lot and does not join the group for things like
circle time. He generally plays what he wants when he wants in the classroom
as long as he is not hurting anyone. What are some ways I might engage the
teachers in exploring that they might be assuming certain things about Jimmy’s
dad and the deficit thinking? Can you give me three good reflective questions?

D.3.2 Initial Rubric (5 Criteria)

Table D.3 includes the initial rubric that workers designed, prior to iterative assess-
ment and refinement. In the rubric, the “provided scale” refers to the following: 1
– Not at all: the response does not reflect the criterion in any meaningful way; 2 –
A little bit: the response only weakly reflects the criterion; 3 – Neutral: the response
neither reflects nor fails to reflect the criterion; 4 – Somewhat: the response moder-
ately reflects the criterion; 5 – Very much: the response strongly reflects the criterion.



Appendix D. Improving AI Measurement, Part 2 277

D.3.3 Final Rubric (10 Criteria)

Table D.4 includes the final rubric that workers designed, after iterative assessment
and refinement. In the rubric, the “provided scale” refers to the following: 1 – Not
at all: the response does not reflect the criterion in any meaningful way; 2 – A little
bit: the response only weakly reflects the criterion; 3 – Neutral: the response nei-
ther reflects nor fails to reflect the criterion; 4 – Somewhat: the response moderately
reflects the criterion; 5 – Very much: the response strongly reflects the criterion.
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# Criterion Description

1 Challenge the writer
to consider all pos-
sible perspectives of
those described in the
prompt.

If the writer’s original prompt does not explore possible
perspectives of all people mentioned, the model response
prompts the writer to explore all possible perspectives of
those described in the writer’s original prompt. For exam-
ple the model might ask “Whose perspective might you
be missing?” or “Whose perspective was standing out to
you the most? The teacher’s? The student’s?”. The model
response should not incude surface-level compliments to
the writer if the writer’s original prompt does not explore
all possible perspectives of all people mentioned.explore
all possible perspectives of all people mentioned. To what
extent does the AI response reflect the criterion described?
Provide a score between 1 to 5, using the provided scale.

2 Challenge the writer
to be aware of their
personal experiences
during the situation.

If the writer’s original prompt does not include infor-
mation about the writer’s experience of the situation de-
scribed in their prompt, the model response prompts the
writer to include more information about their experience.
For example, the model might ask “Where was your atten-
tion when this event happened?,” “How were you feeling
during this encounter?," or "What is standing out the most
upon reflection?" To what extent does the AI response re-
flect the criterion described? Provide a score between 1 to
5, using the provided scale.

3 Challenge the writer
to reflect on their role
in the situation, as a
component of the en-
vironment.

If the writer’s original prompt does not include reflec-
tions of the writer’s own role in the situation as a compo-
nent or factor of the environment described in the writer’s
prompt, the model response prompts the writer to reflect
on themselves as a component or factor of the environ-
ment. For example, to help the writer reflect on them-
selves, the model might ask "How did you experience
this situation?", "What did you do during the moment?",
"How did you feel during the moment?", "What have you
already tried/considered when supporting this setting?"
The model response should not include something like
"You have really given this a lot of thought!" if the writer’s
original prompt does not include these reflections of the
writer’s own role in the situation. To what extent does the
AI response reflect the criterion described? Provide a score
between 1 to 5, using the provided scale.

4 Identify potential bi-
ases in their interpre-
tation of the situation.

If the writer’s original prompt reflects potential cultural,
educational, economic, or relational biases, the model re-
sponse prompts the writer to reflect on and identify their
own potential biases. The model should not ignore the
writer’s potential biases. To what extent does the AI re-
sponse reflect the criterion described? Provide a score be-
tween 1 to 5, using the provided scale.

5 Challenge the writer
to explore additional
resources to inform
their thinking.

The response should include links to research and re-
sources to support the writer in further exploring. For ex-
ample, the model response might include: "Here are a few
examples that you can consider." To what extent does the
AI response reflect the criterion described? Provide a score
between 1 to 5, using the provided scale.

TABLE D.3: Initial rubric (5 criteria) developed by workers prior to
iterative refinement.
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TABLE D.4: Final rubric (10 criteria) developed by workers through iterative operationaliza-
tion.

# Criterion Description

1 Challenge the writer
to consider all peo-
ple whose perspec-
tives might be rele-
vant.

The model response asks the writer to think about
whether there are additional perspectives that should
be taken into consideration, beyond the ones they
mentioned in the original prompt. People whose per-
spectives might be relevant include: teacher, assistant
teacher, students, paraprofessional, parents, supervi-
sors, ourselves, related service professionals (eg OT,
PT, Speech, behavioral health), neighbors, minimally
involved 3rd parties (e.g. cafeteria staff). For example
the model might ask “Whose perspective might you be
missing?” Note that this is an example, and the model
does not need to ask this question specifically. How-
ever, the model does need to prompt general reflection
on other perspectives missing. The model response
should only receive full credit if it both (1) prompts
general reflection on additional perspectives (for ex-
ample, through a similar question as the example ques-
tion above) and (2) mentions specific stakeholder(s)
whose perspectives may be relevant but is not con-
sidered in the original prompt. If the model response
only does (1) or only does (2), it should receive partial
credit. To what extent does the AI response reflect the
criterion described? Provide a score between 1 to 5,
using the provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

2 Challenge the writer
to consider the per-
spectives of all peo-
ple mentioned.

The model response explicitly asks the writer to ex-
plore all possible perspectives, beyond just the per-
spectives they may have mentioned in the original
prompt. By “exploring possible perspectives of all peo-
ple mentioned” we mean acknowledging themes like
each person’s role, views, individual differences, men-
tal/emotional state, contribution to the situation. Note
that the model response does not need to specifically
prompt reflection for each individual person men-
tioned in the writer’s original prompt. It is fine for the
model response to explicitly encourage the worker to
reflect on all perspectives, in the abstract. It is also fine
for the model response to prompt reflection for alterna-
tive perspectives of all people mentioned, individually.
However the model must directly ask the writer to re-
flect. If the writer’s original prompt asks about ques-
tions for teachers to use, it is enough to prompt such
reflection in a question directed at the teacher. Note
that it is not necessary for the entire model response
to include questions to help the writer reflect on other
perspectives. The model response should not be pe-
nalized for having only one statement or question that
prompts reflection, as long as the criteria is fulfilled.
To what extent does the AI response reflect the crite-
rion described? Provide a score between 1 to 5, using
the provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

3 Challenge the writer
to consider other
interpretations of
people’s actions, if
the writer’s prompt
includes an as-
sumption about
someone’s intent
and motivations.

"If the writer’s original prompt includes an assump-
tion about someone’s intent and motivations driving
their actions, the model response should do one or
both of the following (a) explicitly and directly asks
the writer to reflect on their assumptions and other
possible interpretations to explain the actions of peo-
ple described in the writer’s original prompt or (b) of-
fer another possible interpretation or assumption for
the writer to consider. For example, if the writer sug-
gests or assumes the intent of a teacher who is treating
a child poorly, the model might ask “Are there other
reasons the teacher may have acted that way?” Note
that it is not necessary for the entire model response
to include questions to help the writer reflect on their
assumptions. The model response should not be pe-
nalized for having only one statement or question that
prompts reflection, as long as the criteria is fulfilled.
If the condition is not applicable, that is, the prompt
does not include an assumption about someone’s in-
tent and motivations driving their actions, then re-
spond with "N/A". If the condition is applicable, that
is, the writer’s original prompt includes an assump-
tion about someone’s intent and motivations driving
their actions, then answer the following question: To
what extent does the AI response reflect the criterion
described? Provide a score between 1 to 5, using the
provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

4 Challenge the writer
to reflect on their
role in the situation,
as a component of
the environment, if
they have not al-
ready.

If the writer’s original prompt does not include re-
flections of the writer’s own role in the situation as a
component or factor of the environment described in
the writer’s prompt, the model response prompts the
writer to reflect on themselves as a component or factor
of the environment. On the other hand, if the writer’s
original prompt does include reflections of the writer’s
own role in the situation as a component or factor of
the environment described in the writer’s prompt, the
model response should not prompt the writer to do
further reflection on this topic. In this case, it is fine
if the model prompts reflection for someone else de-
scribed in the scenario (e.g., a teacher). The model re-
sponse should not be penalized for this. By "reflections
of the writer’s own role in the situation", we mean the
writer’s original prompt includes explicit discussion
about how their own perspectives and positionality in
the environment may impact their understanding of
the situation, or discussion about how their presence
is experienced by others in the room (teachers, stu-
dents) as a result of the writer’s role. Note that it is
not enough to reflect on their own perspectives or posi-
tionality in the environment; the prompt must include
discussion of how this may impact their understand-
ing of the situation. The model response may help the
writer "reflect on themselves as a component or fac-
tor of the environment" by asking questions or raising
points that help the writer understand how their own
perspectives and positionality in the environment may
impact their understanding of the situation and con-
sider how their presence is experienced by others in
the room (teachers, students) as a result of the writer’s
role. The model must directly ask the writer to reflect.
It is not enough to prompt such reflection in a ques-
tion directed at the teacher. Note that it is not nec-
essary for the entire model response to include ques-
tions to help the writer reflect on their own role. The
model response should not be penalized for having
only one statement or question that prompts reflec-
tion, as long as the criteria is fulfilled. For example, to
help the writer reflect on themselves, the model might
ask “How did you experience this situation, and how
might this have shaped your perspectives?” or “What
did you do during the moment?” or "How did the
teachers experience your presence and your actions?"
To what extent does the AI response reflect the crite-
rion described? Provide a score between 1 to 5, using
the provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

5 If the writer does
not mention their
own assumptions
or interpretations,
challenge them to do
so.

If the writer’s prompt (a) includes an observation or
description of a situation AND (b) does not include
the writer’s own value-laden interpretations of the sit-
uation, the model should prompt the writer to reflect
on assumptions or interpretations they had during and
following the situation. Note that it is not enough for
the writer to report on others’ (e.g., teachers’) value-
laden interpretations of the situation. For (b) to apply,
the writer’s prompt must not include the writer’s own
value-laden interpretations. Also note that it is not nec-
essary for the entire model response to include ques-
tions to help the writer reflect on their assumptions or
interpretations. The model response should not be pe-
nalized for having only one statement or question that
prompts reflection, as long as the criteria is fulfilled. If
the condition is not applicable, that is, (a) OR (b) above
do not apply, then respond with "N/A". If the condi-
tion is applicable, then answer the following question:
To what extent does the AI response reflect the crite-
rion described? Provide a score between 1 to 5, using
the provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

6 Challenge the writer
to reflect or elaborate
on their personal ex-
perience of the sit-
uation, regardless of
whether they men-
tion it.

If the writer’s prompt includes an observation or de-
scription of a situation, the model response should ask
the writer to include or elaborate on (if already in-
cluded) information about their own subjective expe-
riences of the situation described in their prompt (for
example, through phrases like "I felt" or "I was feel-
ing" that describe how they experience the situation,
not just phrases like "I think"). For example, the model
might ask questions like “Where was your attention
when this event happened?” or “How were you feel-
ing during this encounter?” Note that it is not enough
for the model to ask the writer to reflect on how they
interpreted the situation or to reflect on how other peo-
ple involved in the situation may have felt. The model
must ask the writer to reflect on their own subjective
experience of the situation. Also note that the model
must ask the writer to reflect, rather than another per-
son (e.g., teacher, child) that the writer describes in
their prompt. Note that it is not necessary for the en-
tire model response to include questions to help the
writer reflect on their experiences. The model response
should not be penalized for having only one statement
or question that prompts reflection, as long as the crite-
ria is fulfilled. If the model response does not include
an observation or description of a situation, then re-
spond with "N/A." Otherwise, answer the following
question: To what extent does the AI response reflect
the criterion described? Provide a score between 1 to
5, using the provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

7 Identify potential bi-
ases in their interpre-
tation of the situa-
tion.

If the writer’s original prompt reflects potential biases
on the part of the writer, the model response explic-
itly mentions or refers to the potential bias and asks
the writer to reflect on or identify their own potential
biases that shape their understanding of the situation.
On the other hand, if the writer’s original prompt does
not reflect any potential biases, the model responses
should not prompt the writer to reflect on or identify
their own potential biases that shape their understand-
ing of the situation. Note that if the model prompts
reflections on the writer’s own assumptions or inter-
pretations of observed behaviors without incorrectly
pointing out specific biases in the prompt, then this
is fine. Similarly, if the model prompts reflections on
alternative or additional perspectives that should be
taken into account without incorrectly pointing out
specific biases in the prompt, then this is also fine. The
model should not be penalized in these cases. Biases
can include cultural, racial, ethnic, economic, educa-
tional, relational, gender, age, etc. For example, the
writer’s original prompt might be "the classroom is
very loud". This could reflect the writer’s biases be-
cause their background influences their interpretation
of the volume of the classroom. As another example,
the writer’s original prompt might include comments
on the teachers gender/age/race/clothes. Note that,
if the writer’s prompt describes a broader systemic
issue (e.g., racism) but the writer suggests primarily
addressing it through improving the relationship be-
tween individuals, then this is a potential bias in the
writer’s interpretation of the situation. On the other
hand, the following is not a bias: "The teacher stated
that they are overwhelmed by the volume of the class-
room". An assumption is also not necessarily a bias
on its own, but biases could shape the assumptions
a writer makes. Note that some situations or inter-
pretations may be inherently problematic, even with
cultural differences considered. This type of content
should not be considered a cultural bias. For exam-
ple, when an adult causes another person physical in-
jury. If the writer’s original prompt includes this type
of content, the model should not prompt the writer to
consider cultural biases in their interpretation. Note
that if the writer’s prompt includes context about the
school setting (e.g., low SES, rural), this in itself does
not necessarily reflect a bias. A biased prompt would
additionally include language that suggests this demo-
graphic information may have shaped the writer’s in-
terpretation of the situation in ways that may be harm-
ful. Note that if the writer already expresses aware-
ness of their potential biases (e.g., indicates uncertainty
around their interpretation of the situation), the model
response should not prompt the writer to reflect on and
identify their own potential biases. Note that if biases
are described, but they do not reflect the writer’s own
potential biases (e.g., they are the biases of another
person the writer describes in their scenario), then the
model response should not prompt the writer to re-
flect on and identify their own potential biases. To
what extent does the AI response reflect the criterion
described? Provide a score between 1 to 5, using the
provided scale.

Continued on next page
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Table D.4 continued from previous page

# Criterion Description

8 Challenge the writer
to explore additional
resources to inform
their thinking.

The response should include external resources that
help the writer further deepen their understanding of
the situation. These resources must be concrete refer-
ences to external websites, books, toolkits, etc.

9 Don’t people please
or provide superfi-
cial compliments.

The model response should not include compliments
to the prompter. An example of a superficial compli-
ment is something like, “You have given this a lot of
thought!” when it is clear that the writer may not have
thought about the setting a lot. To what extent does the
AI response reflect the criterion described? Provide a
score between 1 to 5, using the provided scale.

10 Don’t over-center
the role of the
facilitator.

The model response should not include any statements
that over-emphasize the importance of the prompter’s
role or observations in their work. The overall tone
of the model response should reflect an understand-
ing that the prompter will work collaboratively with
the adults described in the scenario to identify path-
ways forward, and that the prompter and the other
adults are equals. For example, the model response
should not provide questions that use any directive
language towards other people the writer describes in
their scenario (e.g., teachers). It is fine for the model
response to include statements and questions that help
the prompter further reflect on and understand the sit-
uation. The model should not be penalized for this. To
what extent does the AI response reflect the criterion
described? Provide a score between 1 to 5, using the
provided scale.
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