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ABSTRACT

AI systems are being deployed in many real-world applications, from self-driving cars
to customer service chatbots. When a person interacts with an AI system, they develop a
complex mental model of how the system behaves that they use to inform their interaction
with the AI. Should I override the AI prediction? Should I collect more training data?
Traditionally, aggregate metrics such as accuracy are calculated on a hold-out test set to
measure a model’s overall performance. This singular metric is often insufficient to de-
velop mental models that capture important AI behaviors, such as potential biases or safety
concerns.

This thesis proposes behavior-driven AI development (BDAI), a philosophy that cen-
ters AI development on identifying, quantifying, and communicating the numerous behav-

iors a model can show. By focusing on a model’s behaviors instead of aggregate metrics,
developers can focus on creating responsible AI systems that best fulfill end-user needs.
BDAI is central to creating AI systems, informing how a model should be updated, and
deploying AI, informing how people should interact with a model. In this thesis, I describe
empirical and system-building work that formally defines BDAI and shows how it can be
applied to improve real-world AI systems.

In the first half of the thesis, I present a series of interviews, a theoretical framework,
and a user study that describe the core principles of BDAI. First, I summarize a qualitative
interview study with 27 practitioners investigating how they understand and improve be-
haviors of complex AI systems. Next, I describe a theoretical framework that defines this
process as a form of sensemaking and show how the framework can be used to create AI
evaluation tools. I further show how insights into model behavior can improve human-AI
collaboration by calibrating end-users’ reliance on model outputs.

In the second half of the thesis, I implement two systems that, combined, fulfill the
requirements of the full sensemaking process and BDAI workflow. I first introduce Zeno,
an interactive platform that lets practitioners discover and validate behaviors across any AI
system. I then describe Zeno Reports, a no-code tool built on Zeno for authoring interac-
tive evaluation reports. Through case studies and real-world deployment with more than
500 users, I show how AI analysis tools covering the sensemaking process can empower
practitioners to develop more performant and equitable AI systems.
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CHAPTER 1

INTRODUCTION

Arti�cial intelligence (AI) systems have seen a surge of real-world usage in the past decade,

with applications ranging from self-driving cars [1] and code-writing assistants [2] to can-

cer detection models [3]. The increase in usage can be attributed to two distinct waves of

progress in AI research. First, in the mid-2010s, we had what is often dubbed the “deep

learning revolution,” the rise of neural network-based models such as convolutional and

recurrent neural networks trained on labeled datasets. Researchers found that with a large

enough model and suf�cient labeled data, models could reach or surpass human-level per-

formance in tasks previously thought impossible for machines.

So far in the early 2020s, we have seen an acceleration of the scaling trend in both

the size of models and the training datasets. New hardware and model architectures al-

lowed models to go from millions of parameters (ResNet [4] - 50 million, AlexNet [5] -

60 million) to billions (GPT-3 [6] - 175 billion). Self-supervision, training models on data

without human labels, made it possible to train these new models on much larger datasets.

Importantly, these models are not trained to learn speci�c tasks, such as image classi�ca-

tion, but to learn general patterns in complex, unstructured data like language and vision.

This makes it possible to use natural language prompts to create sophisticated AIs, greatly

lowering the barrier to creating AI products and massively increasing their real-world de-

ployment.

The growth in real-world use of AI has inevitably led to more people interacting with

AI systems. This includes developers creating the AI products and end-users collaborating

with the AI in their day-to-day lives. When a person interacts with an AI system, they de-

velop amental modelof how the AI system works [7], as they do when interacting with any

complex artifact [8]. The person uses their mental model to modulate their interaction with

the AI system. For example, a developer may use insights into common model limitations

to collect more data or update their text prompt. Or, a radiologist may use their mental

model to decide to override the AI's prediction on certain X-ray images the AI tends to

misidentify.

Unfortunately, forming accurate and robust mental models of AI systems is challeng-

ing, especially for modern AI systems outputting unstructured data like text or images.

Although people develop mental models informally while interacting with an AI system,

the traditional way to quantify the general performance of a model is to calculate an ag-
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gregate metric such as accuracy on a hold-out test set. This overview of AI performance

is often insuf�cient, as it does not capture speci�c behaviors important for AI development

and use, such as systematic failures, biases, safety issues, etc. People who work with AI

need mental models that describe the speci�cbehaviorsof the AI, or what it tends to output

for certain types of inputs.

In this thesis, I de�ne a new AI development and deployment philosophy calledbehavior-

driven AI development (BDAI) that placesbehaviorsat the center of the process. BDAI

makes behaviors the central unit of analysis for AI development and focuses on de�ning,

quantifying, and communicating AI behaviors to improve model performance and deploy-

ment. In the BDAI framework, models are updated to change speci�c behaviors, and tech-

niques to improve human-AI collaboration are aimed at improving people's mental models

of AI behavior. Making behaviors central to AI development can lead to more performant

and responsible AI systems better aligned with how we want AI to behave in practice.

The work presented in this thesis develops the BDAI philosophy with empirical studies

and related frameworks and culminates in a general-purpose tool for behavioral analysis.

First, I describe interview studies exploring how AI developers evaluate and iterate on their

models in practice, �nding thatbehaviorsare the unifying abstraction across tasks and data

types. Next, I formally de�ne model behaviors and use a sensemaking lens to describe how

developers understand and update AI systems. I further show that insights into behavior

can improve human-AI collaboration by calibrating end-users' reliance. Lastly, I introduce

two platforms, Zeno and Zeno Reports, that, together, ful�ll each step of the sensemaking

process for any AI system.

BDAI is an overarching philosophy that was introduced but not exhaustively explored

in this thesis. In particular, the work described in this thesis focuses on how developers

understand and validate behaviors and does not introduce speci�c tools to de�ne or directly

�x behaviors automatically. By de�ning the core abstractions and initial interfaces for

BDAI, this thesis aims to inspire a growing body of work that continues to improve the

development of responsible AI systems.

1.1 Overview

This dissertation is organized as follows:

In Chapter 2, I detail relevant background and related work. The �rst section brie�y

reviews the development of AI and how it relates to behavioral evaluation. I then pro-

vide background on sensemaking and how it has been a useful framework in related �elds

such as data science. Next, I touch on techniques for improving human-AI collaboration
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and show how sensemaking is important for nondevelopers. Finally, I survey a sample of

important tools for different stages of AI development, such as error discovery, documen-

tation, and reporting, and cover literature on narrative visualization.

Chapter 3 describes two interview studies conducted with AI practitioners. The �rst

interview study, with 18 AI developers in 18 unique institutions, explores the challenges

of AI development and the limitations of existing tools. The second study, with nine par-

ticipants at Apple, dives deeper into practitioners' use of interfaces for AI development.

We found that AI development is complex and multidimensional and that many traditional

evaluation tools are insuf�cient for describing modern AI systems' behaviors.

Chapter 4 details a framework based on sensemaking that describes how developers

make sense of AI behavior and formalizes the �ndings from the interview studies. It in-

cludes a survey of interviews with practitioners and AI tools used to adapt sensemaking

speci�cally to AI development. I then describe the resulting framework and the AIFinnity

system we developed to validate the framework.

In Chapter 5, I introducebehavior descriptions, details of model performance on sub-

groups of data. We show that behavior descriptions can improve human-AI collaboration

in three distinct tasks. This study highlights how the abstraction of behaviors can be useful

for non-developers interacting with AI systems.

Chapter 6 describes the Zeno system, an interactive platform for behavior-driven AI

built using the sensemaking framework from Chapter 4. Zeno is a general-purpose evalua-

tion tool that enables practitioners to perform �ne-grained evaluation of any AI system. It

consists of an extensible Python API for de�ning evaluation building blocks and an inter-

active user interface that practitioners use to discover and validate model behaviors interac-

tively. We show how practitioners discovered signi�cant model issues using Zeno in four

case studies of tasks with different data and models.

Lastly, in Chapter 7, I introduce Zeno Reports. Building on the Zeno platform, Zeno

Reports allows users to create more complex charts and instance visualizations and com-

bine them into interactive and shareable reports. We publicly deployed Zeno and Zeno

reports to over 500 users and explored how novice and expert users could use Zeno Re-

ports to communicate complex �ndings.

1.2 Thesis Statements

Behavior-driven AI development is predicated on some core hypotheses de�ned and tested

in this thesis.

First, I hypothesize that AIbehaviors, metrics calculated on subgroups of data, are a
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useful abstraction to describe and update mental models of any AI system, regardless of

the type of data or task. A robust mental model of AI behaviors is essential for building or

working with an AI system.

Next, I hypothesize that developing mental models of AI behaviors is an iterativesense-

making process. Sensemaking is a useful high-level framework that has guided tool devel-

opment in related �elds such as data analysis, and I hypothesize that it can similarly help

formalize AI analysis.

Lastly, I hypothesize that an AI-speci�c sensemaking framework can be used to create

powerful analysis tools to discover and quantify AI behaviors. Using the speci�c stages

and requirements from the sensemaking framework can lead to more thorough AI tools

that cover all aspects of behavioral analysis.

1.3 Research Contributions

The work in this thesis presents several novel studies and systems. The initial interview

studies make up the �rst empirical study directly exploring how AI developers evaluate

complex AI systems and identifying gaps in tooling for effective AI development. The

subsequent sensemaking framework is a novel formalization of how developers de�ne and

test AI capabilities. Behavior descriptions are a novel intervention for human-AI collabora-

tion that improves end-users' calibration on AI outputs. Lastly, the Zeno system and Zeno

Reports are the �rst general-purpose platforms for behavioral analysis that work across any

AI task or data type.

1.4 Prior Publications and Authorship

This thesis results from work in collaboration with my advisors, Adam Perer and Jason I.

Hong, and collaborators at Carnegie Mellon, Microsoft Research, and Apple AI/ML. The

research which has been previously published is the following:

Ángel Alexander Cabrera, Erica Fu, Donald Bertucci, Kenneth Holstein, Ameet

Talwalkar, Jason I. Hong, and Adam Perer. 2023. “Zeno: An Interactive

Framework for Behavioral Evaluation of Machine Learning.”In Proceedings

of the 2023 CHI Conference on Human Factors in Computing Systems (CHI

'23). Association for Computing Machinery, New York, NY, USA, Article 419,

1–14.

Alex Bäuerle1, Ángel Alexander Cabrera1, Fred Hohman, Megan Maher, David
1Denotes equal contribution.
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Koski, Xavier Suau, Titus Barik, and Dominik Moritz. 2022. “Symphony:

Composing Interactive Interfaces for Machine Learning.”In Proceedings of

the 2022 CHI Conference on Human Factors in Computing Systems (CHI '22).

Association for Computing Machinery, New York, NY, USA, Article 210, 1–14.

Ángel Alexander Cabrera, Marco Tulio Ribeiro, Bongshin Lee, Robert Deline,

Adam Perer, and Steven M. Drucker. 2023. “What Did My AI Learn? How

Data Scientists Make Sense of Model Behavior.”ACM Trans. Comput.-Hum.

Interact. 30, 1, Article 1 (February 2023), 27 pages.

Ángel Alexander Cabrera, Adam Perer, and Jason I. Hong. 2023. “Improv-

ing Human-AI Collaboration With Descriptions of AI Behavior”.Proc. ACM

Hum.-Comput. Interact. 7, CSCW1, Article 136 (April 2023), 21 pages.
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CHAPTER 2

BACKGROUND & RELATED WORK

To contextualize BDAI, I provide an overview of related work in AI development, sense-

making, human-AI collaboration, and reporting.

2.1 What is AI development?

AI development is designing and implementing learned software that can perform complex

tasks that typically require human expertise. The methods used to implement AI have

changed dramatically over time, from rule-based expert systems to deep learning models

[9, 10] and the recent wave of large foundation models [11]. Modern AI development

has converged on data-driven models that can learn complex patterns from training data.

Developers de�ne the requirements of an AI system, collect representative data on the task

or domain, and train stochastic models with the data [12].

The requirements of AI systems have historically been limited to high-level task de�-

nitions, such as classi�cation or regression, measured with aggregate metrics on held-out

validation and test datasets. Despite the proliferation of this approach, a large body of work

over the past decade has found that this overly simplistic de�nition can lead to inadequate

and potentially harmful systems. For example, an evaluation of facial recognition systems,

Gender Shades, found that services deployed by major enterprises performed signi�cantly

worse for people with darker skin than those with lighter skin [13]. Since the Gender

Shades work, numerous studies and examples of biases and safety issues in AI systems

have emerged, from disparities in medical screening models to self-driving cars.

To detect and mitigate these important issues, the ML community has focused on the

speci�c behaviorsof AI systems [14, 15] beyond aggregate metrics. Inspired by require-

ments engineering in software engineering, behavioral evaluation focuses on de�ning and

testing the capabilities of an ML system and its expected behavior in a speci�cation of re-

quirements [16, 17]. For example, a practitioner creating a sentiment classi�cation model

might check that the model works for double negatives, is invariant to gender, and is ac-

curate for short text. In addition to aggregate metrics, they would check how their model

performs in these speci�c scenarios.

A central challenge in behavioral evaluation is to decidewhich capabilities a model

should have. There can be practically an in�nite number of requirements in complex do-
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mains that would be impossible to list and test. Instead, ML engineers work with domain

experts and designers to de�ne the capabilities of a model as they iterate on and deploy

their ML systems [18]. As end users interact with the model in products and services, they

also provide feedback on the limitations or expected behaviors used to update the model

[19].

In this thesis, I conduct a series of interviews with AI developers that con�rm that

behaviors are a core abstraction that can be used to de�ne and improve model performance.

These interviews add to the literature on empirical studies of AI developers by exploring

in detail how developers discover, de�ne, validate, and �x AI behaviors. Future work can

explore how developers' processes change or what new challenges arise when they use

tools built speci�cally for BDAI.

2.2 Sensemaking

If model development is about understanding and improving model behavior, whatarebe-

haviors, and what does it mean to understand them? In Section 4 we frame behavioral

analysis as a sensemaking process. Sensemaking was initially formalized by Karl Weick,

a social psychologist, in 1995 to describe how members of organizations come to a col-

lective understanding of their surroundings [20]. At its most abstract, it can be de�ned

as “structuring the unknown,” or the “process through which individuals work to under-

stand new, unexpected or confusing events” [21, 22]. It is an ongoing and iterative process

by which people develop mental models of the world to make decisions and take actions.

Weick's formalization of sensemaking spurred numerous empirical and theoretical studies,

ranging from how organizations work through crises [23] to how entrepreneurs deal with

failure [24] and even how we should design explainable AI [25].

Sensemaking has since expanded beyond social psychology and has been applied to

domains such as ecology [26] and medicine [27]. Most relevant to this work are the appli-

cations of sensemaking to human-computer interaction (HCI), where computer and infor-

mation scientists framed data analysis as sensemaking, constructing a mental model from

extensive unstructured data. One of the �rst formalizations came from Russellet al. [28],

who de�ned a “learning-loop complex” in which analysts cycle between creating represen-

tations of a system and �tting data to those representations. Russell's framework was later

expanded by Pirolli and Card [29] to describe the speci�c steps and representations they

observed data analysts use in practice.

Pirolli and Card [29]'s framework has become a frequent reference for data analysis and

visualization research. One application of the framework has been structuring empirical
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studies of analysts, such as Grigoreanuet al. [30]'s study of programmers' processes and

challenges when debugging software. It has also been used to design data analysis tools,

including visualizations for large graph networks [31] or tracking patterns in microblogs

such as Twitter [32]. Researchers and developers have been able to create tools that �t

people's processes better by using Pirolli and Card [29]'s sensemaking framework.

In this thesis, I continue the rich history of sensemaking by adapting it to AI devel-

opment using abductive analysis. Behaviors are the central unit of BDAI, and I use a

sensemaking lens to formally de�ne what AI behavior is and how developers understand

and validate them in section 4.3.

2.3 Human-AI Collaboration

Developers are not the only ones who need to make sense of AI systems. Anyone who

interacts with an AI system develops amental modelof how it behaves, when it performs

well, when it fails, or when it has unusual results [33]. Mental models let people effectively

work with AIs by helping them decide whether to rely on, modify, or override an AI's

output. Therefore, it is important for people who collaborate with AI systems to have

adequate mental models of AI to appropriately rely on the output of an AI [34]. There

are various methods to encourageappropriate relianceof AI systems, often calledtrust

calibration [35] techniques.

Studies have explored what factors in�uence people's mental models of AI systems.

Kuleszaet al. [36] found that people with more complete mental models could collaborate

more effectively with a recommendation system. Bansalet al. [7] focused on the attributes

of AI systems and found that systems withparsimonious(simple) andnon-stochastic(pre-

dictable) error boundaries were the easiest for humans to work with. Other factors such as

stated and perceived accuracy [37], con�dence values [38], and model personas [39] can

also in�uence people's mental models and their reliance on AI.

Recent methods have explored improving people's mental models, including tutorials

explaining a task [40], tuning a model to better match human expectations [41], or adaptive

trust calibration [42]. Some methods for improving mental models, such as adaptive trust

calibration, use model details such as calibrated con�dence scores to improve reliance. An-

other related method is Mozannaret al. [43]'s exemplar-based teaching of model behavior

learns the nearest neighborhood regions around model failures to help validate people's

mental models.

Existing methods attempt to tune end-users mental models of AI systems using proxy

methods such as tutorials or forcing functions. Inspired by the idea of behaviors being
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the core unit of model performance, this thesis shows that telling end-users directly how

a model behaves for subsets of data can calibrate human reliance on AI aids. Given the

initial promise of these behavior descriptions, future work can explore what are the most

effective methods of creating and showing these insights.

2.4 Tools for AI Evaluation

AI behavior is often complex and multidimensional, and human-centered tools can help de-

velopers discover, validate, and track model behaviors. The most direct tools for behavioral

evaluation directly de�ne and measure behaviors. One such example is Checklist, a system

that uses a mix of evaluation methods such as minimum functionality and metamorphic

tests to uncover fundamental limitations of language models [44].

Model behaviors are numerous and often unknowna priori. Interactive tools can enable

users to use their domain knowledge and expertise to discover and validate errors. Mod-

elTracker [45] was one of the �rst interactive systems that helped developers go beyond

aggregate accuracy and better understand the speci�c behaviors of classi�cation models

using a unit visualization. Since then, many tools have been developed for speci�c models

and behaviors. Errudite [46] is a system for interactively debugging language models using

templating �lters and rewriting rules. FairVis is another example of an interactive system

speci�c to intersectional fairness issues [47].

There are also many algorithmic methods to discover model limitations automatically.

If a dataset has generous amounts of tabular data, SliceFinder [48] is an ef�cient method

for discovering intersectional subgroups of data. For more complex data types without

clear tabular data, blindspot discovery methods �nd rough subgroups of data with high

error, such as Domino [49]. With the growing use of prompt-based models that do not

require labeled data, researchers are exploring methods for generating speci�c evaluation

data. AdaTest is a system that uses a larger language model to generate evaluation instances

to test smaller, task-speci�c models [50].

Zeno, the system for BDAI introduced in section 6.3, empowers users to �nd signi�cant

model failures across tasks and data types. It takes inspiration from existing methods for

behavioral evaluation, like Checklist, but provides a more general interface for de�ning

errors that are not formally pre-de�ned. Intelligent features such as SliceFinder or Domino

can be added to Zeno to make it easier to discover errors that can still be represented and

tracked using the core behavioral abstractions.

9



2.5 AI Documentation and Reporting

Various documentation methods help practitioners track and communicate details about

their models. Model Cards [51] and FactSheets [52] include important information and

details about machine learning models. These model reports include information ranging

from the model type and hyperparameters to aggregate metrics and ethical considerations.

Most ML models are developed by cross-functional teams with stakeholders in techni-

cal and non-technical roles. While collaboration is essential to decide how a model should

behave and identify potential failures, there is often limited communication between stake-

holders [53]. This can lead to unrealistic expectations of model performance or results that

do not match designers' expectations. Multiple methods have been proposed to improve

organizations' shared understanding of model behavior.

Interactive systems have shown promise in bridging model knowledge between en-

gineering and other roles. An example framework, Symphony [54], which I worked on

at Apple, introduces modular data and model analysis components that can be used in

computational notebooks and standalone dashboards to allow more stakeholders to explore

model behavior. Marcelle [55] uses modular components that allow users to modify an ML

pipeline without writing code.

Complex models also require robust reporting methods to ensure that information about

data and models is recorded and preserved. Datasheets for Datasets [56], FactSheets [52],

Nutritional Labels [57], and Model Cards [51] codi�ed the �rst principles for document-

ing ML details for future use and reproducibility. Extensions to these reporting methods,

namely Interactive Model Cards [58], have aimed to improve their usability by making

them more expressive and interactive.

Zeno Reports, presented in this thesis, combines the approaches of the opinionated

reporting speci�cations, like Model Cards, with the live data approach in more complex

systems such as Symphony. Zeno reports are directly tied to the underlying data, but are

limited to core visualizations highlighting behavior.

2.6 Narrative Visualization

To design Zeno Reports, we drew inspiration from the concept ofnarrative visualization,

a term popularized by Segel and Heer [59]. Narrative visualization combines storytelling

techniques with (often interactive) visualizations, enriching the narrative with data-driven

insights. This approach is characterized by its ability to communicate complex data in

an engaging and easily digestible manner, its emphasis on guiding the audience through a
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data-driven story, and its interactive elements that invite audience participation.

Notable systems developed for this type of storytelling include Idyll [60] and Idyll Stu-

dio [61]. Idyll facilitates the creation of interactive articles that combine narrative text with

data-driven content, while Idyll Studio extends this functionality with a more intuitive,

user-friendly interface. In addition to academic systems, many commercial visualization

systems, such as Tableau and Quarto, support creating linear narrative stories around visu-

alizations using their native interfaces.

These systems are designed to support the broad spectrum of visual storytelling and

thus are complex or rely heavily on coding skills or speci�c markup languages. In contrast,

Zeno Reports offers a simpler, no-code interface focusing exclusively on AI evaluation.

This specialization allows us to streamline the user experience, making it more accessible

to users who may not have advanced programming skills yet are still powerful enough to

convey the complexities of AI model performance effectively.
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CHAPTER 3

HOW DO PRACTITIONERS EVALUATE AI SYSTEMS?

This �rst section of the thesis describes two interview studies conducted as need �nding

studies for two implemented systems,Symphony[54] andZeno[62]. It explores the core

practices and challenges in modern AI development, speci�cally evaluation work�ows and

analysis interfaces, and sets the stage for developing a behavior-based view of AI develop-

ment.

This chapter was adapted from the following published papers:

Ángel Alexander Cabrera, Erica Fu, Donald Bertucci, Kenneth Holstein, Ameet Talwalkar,

Jason I. Hong, and Adam Perer. 2023. “Zeno: An Interactive Framework for Behavioral

Evaluation of Machine Learning.”In Proceedings of the 2023 CHI Conference on Human

Factors in Computing Systems (CHI '23). Association for Computing Machinery, New York,

NY, USA, Article 419, 1–14.

Alex Bäuerle1, Ángel Alexander Cabrera1, Fred Hohman, Megan Maher, David Koski, Xavier

Suau, Titus Barik, and Dominik Moritz. 2022. “Symphony: Composing Interactive Interfaces

for Machine Learning.” In Proceedings of the 2022 CHI Conference on Human Factors in

Computing Systems (CHI '22). Association for Computing Machinery, New York, NY, USA,

Article 210, 1–14.

3.1 Introduction

As the architectures and algorithms for training AI systems have evolved, so have the pro-

cesses and tools for creating AI products. This includes everything from data labeling and

training work�ows to evaluation and debugging methods. We wanted to understand AI

developers' challenges when creating and improving their AI systems, especially practi-

tioners working on more complex models, such as deep learning models on non-tabular

data. We also wanted to dig deeper into what tools they currently use and what gaps exist

in the tooling landscape.

1Denotes equal contribution.
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This section describes two interview studies we conducted to answer these questions.

The �rst set of interviews was with practitioners in small and medium-sized companies

focused on their challenges around the evaluation and iteration of AI systems. The second

is a series of interviews conducted at Apple with nine practitioners in seven teams working

on AI products. These interviews focused speci�cally on the tooling these teams used or

wished for in AI development.

The concrete research questions that we aimed to answer in these interviews were the

following:

RQ1. How do AI developers evaluate and �x their models over time?

RQ2. What tools and approaches are developers using to evaluate and �x their models?

RQ3. What are the limitations of existing tools?

Both studies found similar trends and patterns in the processes and tools of AI devel-

opers. Overall, we found that current AI evaluation and iteration tools are insuf�cient for

the complexity of modern AI systems. Speci�cally, they do not support the disaggregated

analyses required to identify important behaviors and create robust, deployable systems.

3.2 Methodology

3.2.1 Interviews on AI Evaluation

We conducted semi-structured interviews with machine learning practitioners to explore

our �rst research question: What are the common challenges for ML evaluation in prac-

tice? In particular, our objective was to understand the speci�c challenges that practitioners

face and the tools they use when evaluating ML models. The 18 participants, listed in ta-

ble 3.1, hold various roles related to machine learning development and deployment, from

data scientists to CTOs and CEOs of small companies. The initial participants were re-

cruited through posts on social media networks, e.g., Reddit, LinkedIn, and Discord, as

well as direct contacts at technology companies. Additional participants were then re-

cruited through snowball sampling. Each interview was conducted via video call and was,

at most, an hour long. The study was approved by our Institutional Review Board (IRB)

and the participants were compensated with $20.

Two researchers analyzed the interviews using inductive iterative thematic analysis and

af�nity diagramming. The researchers extracted common themes around model evalua-

tion, debugging, and iteration from the �rst few interviews, grouping similar �ndings in an
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af�nity diagram. After each subsequent interview, the researchers iterated and re�ned the

themes as needed. The recruitment of new participants was stopped when no new themes

were produced from the last few interviews.

3.2.2 Interviews on AI Interfaces

To understand how ML interfaces are used in practice, we conducted seven semi-structured

interviews with 9 participants at Apple. We recruited participants through internal emails

and messaging boards. We selected participants in various roles, including engineers, de-

signers, researchers, and testing roles that work in teams to build and deploy ML systems.

Each interview was conducted through a video call and lasted about an hour. First, we

asked participants how they create and use different ML interfaces such as documentation,

visualization dashboards, and widgets. We then asked them about the main limitations and

pain points in current tools and what types of improvements they would �nd helpful.

3.3 Results

3.3.1 Aggregate Metrics Do Not Re�ect Model Performance in Deployment

All practitioners (18/18) focus on improving aggregate metrics when developing new ML

models, but, as P9 admitted, you“can perform very well on a training dataset, but when

you go to ship the product, it doesn't work nearly as well.”To ensure that models perform

as expected when deployed, all practitioners also evaluate their models in real-world use

cases. For example, P16 evaluates their text analysis model on a per-client basis since they

had found that their model underperformed for certain types of data, e.g., healthcare notes,

that it was not trained on. This type of behavioral analysis is often also calledqualitative

analysis, looking at speci�c instances and model outputs to con�rm hypotheses of model

behavior.

There are various methods practitioners described for discovering model limitations

and failures, from end-user reports (see Section 3.3.3) to automated clustering algorithms.

A common technique 11 of the 18 participants mentioned was creating data inputs to probe

a model and �nd potential failures, often called “dogfooding” in software development.

For example, when selecting an audio transcription service P3“has some data collected

we recorded ourselves, and then we pass it to different services and explore the structure of

the output” to decide which service provides the qualitatively “best” output for their task.

Two participants are exploring automated error discovery methods such as �nding clusters

with high error or using foundational models [11, 50] to generate new instances, but still
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rely mainly on human-generated feedback.

After generating hypotheses of systemic failures, many practitioners craft test sets to

validate how prevalent behaviors are (10/18). The participants had different terms for

these instances, including “golden test sets”, “dynamic benchmarks”, “regression tests”,

and “benchmark integration tests”. Despite the varied terminology, these tests have the

same structure: Expectations of model outputs on different subgroups of instances. For

example, P4 has multiple text inputs with common human typos and valid outputs that they

check before models are released.

None of the participants who conduct this type of behavioral evaluation use standard-

ized frameworks. This is primarily because existing behavioral evaluation tools do not

work for their data or model types, so they develop their own tools, such as scripts or web

interfaces, to monitor model performance. All the participants who do not perform behav-

ioral analyses (8/18) wish to conduct more detailed testing, for example, P1 wants“to do

some other testing, but we don't do anything because there's not a really easy to set up

system to do that”. In general, larger companies can dedicate more time to a detailed eval-

uation and the building of customized tools that smaller companies cannot afford despite

their need for more comprehensive evaluation [63].

While all participants detailed clear use cases for ML interfaces, they also mentioned

limitations preventing them from using existing tools or sharing insights. One participant

bluntly stated“right now, we basically have no tools”for analyzing ML systems. Instead,

participants rely on ad-hoc, hand-crafted visualizations for their speci�c analyses. For

example, one of our participants said that their process to look at instances is to“manually

examine icons in a �le explorer.”Another participant“looks at handcrafted summaries of

select data subsets”to do model analysis. Larger teams with more resources may have

customized tools, such as a participant that“use[s] a team-internal tool to analyze data”.

Overall, inadequate tooling leads developers to use one-off, manual tools or ML teams

investing in custom visualization systems.

3.3.2 Challenges in Tracking Continuous Model and Data Updates

All practitioners (18/18) we interviewed update their models as they design better archi-

tectures, gather more data and discover real-world use cases and failures. Participants de-

scribed this process with different terms, such as “rapid prototyping” or “agile” methods,

in which they quickly act on user feedback and deploy updated models. P4 and P13 even

started with “wizard-of-oz” models with a human emulating an AI or non-ML models to

gather data and model requirements before developing more complex models.

Although updating a model can improve the overall performance of an ML system, it
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can also lead to new failures. This is especially true for stochastic models, such as deep

learning, which cannot be deterministically updated. As P5 lamented,“our test set would

become so large that if we had to fail for less than 5 [tests] it became super hard to make

progress”. Model updates are even more complicated for teams that rely on external AI ser-

vices, as practitioners do not control when or how services are updated [64]. For example,

P3's team had to switch their voice-to-text service from Google to Amazon because Google

stopped detecting �ller words such as `um' after a model update, which was necessary for

their product.

Due to these frequent updates, comparing models across important behaviors becomes

important. However, since many model evaluations are run inconsistently and across dif-

ferent tools, the history of past performance is often fragmented or lost, making it dif�cult

to �nd regressions or new failures.

3.3.3 Limited Collaboration in Cross-Functional Teams

Modern machine learning development in practice is a collaborative effort that spans differ-

ent teams and roles. Each team member needs a robust mental model of how an ML system

behaves to resolve customer complaints, make management decisions, validate failures,

and more.

A common collaboration challenge is making sense of failure reports [19] from end-

users. 12 of the 18 participants' teams have customer service representatives who parse

tickets or complaints from end users and pass them to the engineering teams. These par-

ticipants found it challenging to reproduce the reports from the end users, which were

primarily made up of one-off instances and broad descriptions. P4's team tackles this chal-

lenge with an“internal website where anybody can put potential inputs and expected model

outputs”which new models are tested.

Another collaboration challenge described by 14 participants is communicating the

model performance with managers and other stakeholders. For example, P16's manage-

ment team often makes decisions based solely on a high F1 score, while it is often the

case that different clients require different trade-offs between precision and recall. Many

decisions about whether or not to deploy an updated model require shared knowledge and

conversations between engineers, managers, and customers on whether a new model is

holistically better than the existing model.

Since engineers often run analyses in ad-hoc scripts or notebooks, knowledge of model

behavior can be isolated. Other stakeholders do not know how a model tends to behave,

and can neither make informed decisions on model usage nor provide information about

model errors to engineers for debugging.
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Due to limited, isolated interfaces, participants described various challenges in commu-

nicating and sharing insights. Since different stakeholders prefer different environments,

such as code-based notebooks or standalone dashboards, it can be challenging to share

insights with others. In addition to sharable interfaces, participants also wanted cross-

platform support for themselves. As one participant put it,“I would like both an environ-

ment for experimentation and always there reliable visualizations.”

It can also be dif�cult to transfer visualizations and �ndings between platforms that

different stakeholders work with. One participant lamented that“I am often not invited

to the table until things go wrong,”and in some teams“designers often times don't have

access to data and model results.”In turn, decisions about ML systems are made without

all team members having a shared understanding of the current state and limitations of the

project. Despite these current limitations, the participants thought that“fostering a culture

of sharing insights would be great.”

3.3.4 Use Cases and Limitations of Development Tools

All participants agreed that creating and sharing ML interfaces can help them build more

robust and capable ML products. Participants described use cases of ML interfaces in

myriad tasks, such as“�agging failures for review,” “detecting systematic failures,”and

“fairness and bias education.”Participants also mentioned stages throughout the entire

ML process in which ML interfaces can be useful, from“dataset curation and sharing”

to analysis“after an ML model has been trained,”or “in all stages”. Consequently, since

different stakeholders involved in an ML product need speci�c views of the data and mod-

els, ML interfaces must be �exible enough to support analysis across numerous tasks and

domains.

Participants detailed a variety of technical roadblocks and time-consuming processes

that prevented them from using existing ML interfaces. Many tools require users to wrangle

and export their data into a speci�c format before loading them into a custom system or

dashboard. However, as a participant stated,“we do not have a lot of time for creating

such visualizations:”developers simply do not have the bandwidth to perform the setup

and data wrangling work necessary to use separate systems. developers' main priority is

working on data and models, and“if it takes longer than 5-10 minutes, I am not going to

[use an ML interface] immediately”.

Five participants explicitly mentioned that they do not use ML interfaces because they

are not available in the environments where they work and that“people would want to use

easier tools.”For example,“many data scientists want to explore their data in notebooks”

without having to open a separate system. Additionally, since data and models update fre-
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quently, one participant wanted to“start a job with checkboxes and buttons”and produce

a self-updating web UI that they would not have to manually author.

Lastly, the teams we talked to work with myriad data types, such as video, 3D point

cloud, tabular, image, and audio data, and desired bespoke visualizations supporting their

analysis needs. One participant mentioned running and visualizing speci�c data analyses

and“would want to specify algorithms because our problems are very specialized.”How-

ever, current data science tools often only provide visualizations for a limited set of data

types and models.

3.4 Conclusion

Across these interviews, we found that developers of AI systems focus their efforts on

identifying and improving speci�c model behaviors that users see in production. We found

that existing tools for evaluating and iterating on models mainly focus on academic bench-

marks and traditional domains such as classi�cation, which do not re�ect the complexity

of commonly deployed models and user inputs. Tools that can track behaviors across data

and model updates and that can be used by diverse stakeholders could better support the

development of responsible AI systems.
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Table 3.1: The practitioners in the semi-structured AI evaluation interviews (Section 3.2.1

ID Role Area

P1 AI Software Engineer AI Consulting
P2 Data Scientist Clothing Retail
P3 CTO Speech Training
P4 CTO Voice Assistant
P5 Senior ML Engineer Chatbot
P6 Data Scientist AI Non-pro�t
P7 Data Scientist Finance
P8 MS Student Educational Technology
P9 ML Engineer Chatbot
P10 VP of Data Science Business Intelligence
P11 ML Engineer AI Explainability
P12 Data Scientist, ML Ridesharing
P13 Data Engineer Educational Technology
P14 CTO Health Technology
P15 CEO Sensing
P16 Data Scientist Search and Recommendation
P17 ML Research Scientist Epidemiology
P18 Data Scientist Video Streaming
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CHAPTER 4

A SENSEMAKING FRAMEWORK FOR BEHAVIORAL

EVALUATION

This chapter formalizes insights from the interview studies into a sensemaking-based frame-

work describing how developers analyze AI behavior. It includes an extended review of

existing empirical studies of developers, a prototype system that implements each step of

the sensemaking process, and a think-aloud study. This framework is the backbone of the

BDAI philosophy, as it explicitly de�nes AI behaviors and the canonical steps to discover,

validate, and �x them.

This chapter was adapted from my published paper:

Ángel Alexander Cabrera, Marco Tulio Ribeiro, Bongshin Lee, Robert Deline, Adam Perer,

and Steven M. Drucker. 2023. “What Did My AI Learn? How Data Scientists Make Sense of

Model Behavior.”ACM Trans. Comput.-Hum. Interact. 30, 1, Article 1 (February 2023), 27

pages.

4.1 Introduction

Designers make sense of feedback to inform their designs [65], doctors make sense of

health records to guide their diagnoses [66], and programmers make sense of code to debug

their software [30]. Similarly, data scientists make sense of their machine learning (ML)

or arti�cial intelligence (AI) models to improve their performance, decide when to use

them, and analyze their real-world impacts. Having a thorough understanding of how an AI

behaves is especially important to detect and mitigate serious concerns such as fairness [67]

and safety [68] issues.

What does it mean to make sense of AI behavior? Let us explore the example of a

data scientist who wants to make a website more accessible by including text descriptions

(alt-text) for images. They �nd multiple AI services for captioning images and have to

pick the option that works best for their data. The data scientist compares the options by

generating alt text with each AI for a sample of images and develops a mental model of how
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each AIbehaves: which AI can describe certain activities, is better in low light, or is more

grammatically accurate. With a deeper understanding of how each AI service behaves,

the data scientist can decide which one to use for their data. This is just one example use

case for understanding AI behavior, which is essential for tasks ranging from training new

models to detecting dataset shift and mitigating real-world failures.

While important, behavioral analysis requires signi�cant human attention to ideate,

structure, and test hypotheses of AI behavior. Data scientists instead often resort to lim-

ited and ad hoc methods, such as manually testing edge cases or waiting for end-users to

report failures of deployed models [67, 63, 12, 69]. A number of AI analysis tools aim to

improve this process, including crowdsourcing methods for discovering failures [70, 19],

algorithms for �nding slices of data with high loss [48], and checklists of expected model

behavior [44]. Although useful for speci�c tasks, these tools tend to only address portions

of the analysis process and are hampered by challenges at other stages of the process. For

example, methods for creating subgroups of data [48, 71, 47] do not tell the userwhich

subgroups are the most important, while model checklists do not have mechanisms for

discovering new behaviors.

This article introduces a sensemaking framework describing how data scientists de-

velop mental models of AI behavior. By framing AI analysis as sensemaking, we aim to

provide a language for describing AI analysis, help developers identify gaps in existing

tooling, and encourage analysis tools supporting the full sensemaking process. Sensemak-

ing is a well-established paradigm that describes how people structure the unknown by

iteratively creating mental models from data [20]. To accurately describe AI analysis as

sensemaking, we used abductive analysis to adapt Pirolli and Card [29]'s framework for

data analysis to �t the steps speci�c to AI development gathered from empirical studies

of practitioners. Our resulting framework (Figure 4.1) describes how people create mental

models of AI behaviors by organizing instances into meaningful schemas and hypotheses.

Themental modelsdata scientists derive are their internal representations of the behaviors

of a complex, often black-box, AImodel.

We evaluated our framework across the three powers of interaction frameworks de-

�ned by Beaudouin-Lafon [72]:descriptive, evaluative, andgenerativepower. To test the

framework'sdescriptiveandevaluativepower, how it can detail and compare a range of

existing interfaces, we reviewed AI analysis tools and showed how they �t into the stages

of our framework. We found that most tools only address half of the sensemaking process,

either discovery tools for �nding and organizing instances or evaluation tools for testing

known behaviors. Systems that combine discovery and evaluation could help data scien-

tists effectively validate newly discovered behaviors. Next, to directly test our framework's
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Figure 4.1: The sensemaking framework describing how data scientists understand model behavior.
We derived the framework from [29]'s sensemaking process and empirical studies of data scientist.
The process is iterative and ongoing, with data scientists continuously reevaluating as they update
and deploy their models.

generativepower, the ability to inform new designs, we used it to create an AI analysis

tool, AIFINNITY , for exploring image-and-text models like visual question answering and

image captioning. Image-and-text models have many complex behaviors, from stereotypes

to grammar issues, that make them a challenging domain for AI analysis.

For our �nal evaluation of the framework, we explored how data scientists use a full

sensemaking system. We conducted exploratory think-aloud studies with 10 professional

data scientists tasked with using AIFINNITY to choose between two image captioning AIs.

Participants found that AIFINNITY matched their mental process for understanding AI be-

havior, with some even independently describing their processes in sensemaking terms.

Additionally, the complementary features helped participants �nd numerous signi�cant be-

haviors and actively think about con�rmation bias.

In summary, the main contributions of this work are the following.

• A sensemaking frameworkdescribing how people develop mental models of AI

behavior.

• An AI analysis tool called AIFINNITY designed using the framework.

• An exploratory think-aloud study with 10 professional data scientists to understand

how people work with an AI analysis tool for the full sensemaking process.
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4.2 Methodology

To create a framework that describes AI practitioners' process we usedabductive analy-

sis [73] to iteratively adapt Pirolli and Card [29]'s sensemaking framework to empirical

studies of AI/ML practitioners. In contrast toinductivemethods such as grounded theory

[74], which develop a framework from empirical evidence, anddeductiveapproaches that

directly apply existing theories,abductionextends or develops theory to explain new evi-

dence. We decided that an abductive approach would be the most appropriate for this work

since we adapt theory from a related domain, data analysis, to describe a new process, how

practitioners understand AI behavior.

We primarily built from Pirolli and Card [29]'s sensemaking framework which de-

scribes how intelligence analysts make sense of large amounts of unstructured data. In

their framing, analysts �rst go through an information foraging loop, where they �lterdata

sourcesinto a shoeboxof relevant information. Snippets from documents in the shoe-

box make up theevidence �le. Next is the core sensemaking loop, where analysts create

schemas, structured organizations of the data, from the evidence �le which are used to cre-

ate and supporthypotheses. Lastly, these hypotheses are used to create a �nalpresentation.

One can imagine a detective in front of a corkboard, cutting out and organizing newspaper

clippings to pin them up and connect them with red thread.

To adapt Pirolli and Card [29]'s framework to AI analysis, we reviewed empirical stud-

ies of how practitioners work with AI systems in the real world. Since there are no survey

papers, to date, directly covering this area, we relied primarily on academic search engines

and citation graphs. Our review focused on studies with �rst-hand interviews and surveys

to get the most direct look at data scientists' processes (Table 3.1). For our analysis, we

coded the empirical studies and used an af�nity diagram to recursively �t the codes to the

[29] sensemaking stages. During the abductive analysis, we also updated the stages to bet-

ter describe AI practitioners' processes. In the following section, we describe the resulting

framework in detail and describe the key ways in which it differs from existing frameworks.

4.3 Sensemaking Framework

The resulting sensemaking framework for understanding AI behavior is shown in Fig-

ure 4.1. The least structured stage is gathering(1) instances and model outputsfrom

a variety of sources such as real-world users or synthetic methods. Data scientists then

begin to organize the instances into general(2) schemasof semantically similar instances

and behaviors. Schemas can be either rough groupings or strict slices of data. Data scien-
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Table 4.1: How existing AI analysis systems �t in the sensemaking framework. Some tools focus
on speci�c behaviors, like biases, or domains, like self-driving cars, but they all help data scientists
better understand the behaviors of their AI systems at different points in the sensemaking process.

Venue Paper Instances Schemas Hypotheses Assessment

AAAI Beat the Machine [70]

arXiv Dynabench [75]

ICLR [76]

CVPR StyleGAN [77]

JBD Data Augmentation [78]

VIS CAVA [79]

VLDB Snorkel [80]

WWW Patterned BTM [81]

VIS What-if Tool [82]

HCOMP Pandora [83]

AAAI Lakkarajuet al. [84]

arXiv Spotlight [85]

CVPR Barlow [86]

ICDE Slice Finder [48]

VIS FairVis [47]

CHI ModelTracker [45]

VIS Squares [87]

N/A Facets [88]

IUI AnchorVis [89]

HILDA MLCube [71]

CSCW Deblinder [19]

ACL Errudite [46]

ICLR Domino [49]

VIS HypoML [90]

ASE DeepRoad [91]

ICSE DeepTest [92]

ICSE Invariant Testing [93]

FAccT Interactive Model Cards [58]

CHI Symphony [54]

arXiv Robustness Gym [94]

ACL Checklist [44]

FAccT Model Cards [51]

IBM JRD FactSheets [52]
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tists then de�ne formal(3) hypothesesof AI behaviors and gather additional evidence to

validate their hypotheses. Lastly, data scientists derive a �nal(4) assessmentof their dis-

coveries, organizing hypotheses to be useful in subsequent tasks like choosing between AI

services or updating a model's architecture. The sensemaking process does not have to start

from the initial stage of instances and outputs. Practitioners may have existing hypotheses,

or may use tools that slice and organize instances into pre-de�ned schemas.

This adapted framework differs in a few key ways from the Pirolli and Card [29] for-

malization. Primarily, it is missing the initial foraging loop with theshoeboxandevidence

�le stages. Unlike analysts who sort through data sources, such as newspapers, to extract

snippets of evidence, AI analysis starts with instances, model inputs, that are directly rel-

evant to a model's behavior. While AI practitioners actively search for new instances to

discover hypotheses, they do not have to further sort and modify instances in their sense-

making process. Next, the instances and outputs in AI analysis are lower level than the data

sources, like research articles, used by analysts. Thus, the schemas for AI analysis tend to

be groupings of instances rather than connections between high-level patterns or �ndings.

This also means that hypotheses are directly veri�ed using supporting instances and out-

puts, and need suf�cient, diverse evidence to be accurately evaluated. Overall, the focus

of AI analysis is on creating appropriate schemas and ensuring the validity of hypotheses

rather than foraging for relevant evidence.

The context in which AI analysis occurs also differs signi�cantly from sensemaking in

domains such as data analysis. Sensemaking for AI systems is an iterative and ongoing pro-

cess, as AI systems are constantly being updated and applied to new domains. In traditional

data analysis, new reports or research may update existing hypotheses over time but often

do not lead to brand new patterns. Updates to black-box AI systems, on the other hand, can

completely change the behavior of an AI system and require reevaluating all hypotheses.

Additionally, new instances are constantly being received from end users, informing new

schemas and hypotheses. The volatility and quick iteration of AI systems have implications

for tools that support the sensemaking process.

In the following sections, we describe in detail the four stages of the sensemaking

process for AI analysis. In each section, we �rst describe how data scientists currently ap-

proach the sensemaking process and then describe existing tooling available at each stage.

4.3.1 Instances and Outputs

At the core of the sensemaking process are data instances and their associated model predic-

tions, the outputs of the model for the given instances (Figure 4.2). The most convenient

source of instances are datasets collected to train an AI system, often split into training,
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Figure 4.2: The least structured stage of the sensemaking process consists ofinstances and out-
puts, model inputs from a variety of sources along with their associated model predictions. In-
stances can include both real-world user inputs and synthetic data.

validation, and testing sets on which aggregate metrics are calculated. While convenient,

initial training datasets are limited and can lead to misleading performance measures and

missed behaviors. For example, one participant in Wanet al. [95]'s study found signi�cant

overlap between their training and testing sets that produced an in�ated model accuracy,

while two participants interviewed by Hopkins and Booth [63] lamented that they needed

a much greater diversity of instances than they had to accurately evaluate the performance

of their model.

To better understand the behavior of their models, data scientists constantly collect

new real-world instances to both update their models and discover new behaviors. This

is especially important due to data drift, with 55% of the data scientists interviewed by

Sambasivanet al. [96] describing factors such as new environmental factors and human

patterns leading to model failures or unexpected outputs. The data scientists interviewed

described monitoring the performance of the model over time on newly collected instances

to identify performance drops or new regressions.

Despite the utility of real-world data, it is often expensive and slow to gather and label

real instances, limiting developer access to data. Instead, data scientists “dogfood” their

models, creating instances they think might be particularly dif�cult for an AI or show

interesting behaviors [69]. Data scientists interviewed by Hopkins and Booth [63] found

that this type of “prodding and probing” of models helped them better understand and work

with black-box systems. Dogfood testing can be especially important for rare or sensitive

behaviors which could have serious consequences in the real world [12].

Finally, it is not just the quantity and diversity of instances that is important for AI

analysis, but what features are available for each instance. For example, to detect whether

a model treats people of a certain demographic group inequitably, the data instances have

to have a feature for that demographic information. Sensitive information, such as demo-

graphic details, is often not collected or present in a dataset and was one of the primary

challenges for data scientists in discovering biases found by [67]. In sum, both the num-

ber of instancesandnumber of features of a dataset are important for discovering relevant
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behaviors.

Data collection and labeling methods

Tools at the instance and output stage often focus on scaffolding data collection, arti�cially

generating instances, and adding features to a dataset.

Instead of waiting to gather real-world data from users, some techniques proactively

use crowdworkers to gather instances. Beat the Machine (BTM) [70] and DynaBench

[75] directly ask end-users to explicitly �nd instances for which a model fails, collecting

instances that may surface interesting behaviors. Subsequent methods such as Deblinder

Cabreraet al. [19] and Patterned Beat the Machine [81] build on this process by asking

users to provide more context for a failure and �nd instances relevant for later schemas and

hypotheses.

Data is often expensive to collect, sosynthetic, arti�cially generated instances can pro-

vide a useful alternative to real-world instances. A common method for creating synthetic

data is data augmentation, creating new instances by modifying existing ones, e.g., rotat-

ing or cropping images [78]. To create new instances that are not in a dataset, techniques

like generative adversarial networks (GANs) can be used to generate novel examples [76].

StyleGAN is one such technique that generates new images from high-level semantic de-

scriptions [77]. Synthetic instances are a low-cost way to augment a dataset, but it is not

possible to generate any arbitrary instance, and synthetic instances are often less diverse

than examples found in the real world.

There are also methods for adding new features to a dataset, providing details for each

instance that can surface new behaviors. A separate AI model or heuristic functions are a

common way to extract new features from an instance, such as the noisy labeling functions

in Snorkel [80]. A related system is CAVA, which uses a knowledge graph to extract

new attributes for an instance, such as populations from country names [79]. Additional

features, or metadata, are essential for the subsequent stage of grouping and organizing

instances into schemas.

Gathering diverse instances remains a challenging problem, as traditional methods re-

main expensive and synthetic techniques are noisy and limited to certain data types. In the

context of the full sensemaking process, tools at the instance and output stage are often

not informed by �ndings from later stages, such as interesting schemas or new hypotheses.

For example, validating hypotheses requires collecting speci�c instances, which is often

not well supported by current data collection methods. Data collection or generation tech-

niques that are more closely informed by the needs of schemas and hypotheses could better

support data scientists' AI analysis process.
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4.3.2 Schemas

Figure 4.3: Creatingschemasis the second major sensemaking stage. Schemas are organizations of
instances into meaningful layouts or groupings. Common schemas for AI outputs include confusion
matrices, subgroups of data, and clusters.

The second sensemaking stage is organizing instances into semantically meaningful

groups, calledschemas[29, 97]. Schemas let practitioners hypothesize new model behav-

iors or collect evidence for existing hypotheses (Figure 4.3). There is signi�cant �exibility

in how schemas are created, from formal slices of a dataset to rough groupings of semanti-

cally similar instances.

Some of the most common schemas are classic methods for evaluating AI systems,

such as the confusion matrix for classi�cation problems [98, 99] and residual plots for re-

gressions. Yanget al. [100] described the use of these visualizations as core knowledge

required by the data scientists they spoke with. Splitting a model's output by predicted and

ground truth output lets data scientists identify numerous metrics related to the model's

behaviors; does the AI have a higher recall than precision? Is the false positive rate ac-

ceptable? These questions of model behavior are often central for data scientists, such as

data scientists in Wanet al. [95]'s study making tradeoffs between metrics like precision

and recall. Residual plots give a similar idea of how well a regression model behaves, as

nonrandom errors can suggest a model is not adequately describing the data.

While these output-based visualizations may be helpful, they are limited to detecting

behaviors described by output groups. Many important behaviors are found in groups de-

�ned by a model'sinput features; for example, fairness issues are de�ned by demographic

information that is rarely the output of a model. Often called `subgroup analysis,' or `data

slicing,' splitting and comparing instances by input features can detect such behaviors. Data

scientists often look at model performance across these subgroups to track issues such as

biases [67, 63].

For less structured data types such as images it can be challenging to create groups of

similar instances in the �rst place, such as all images with a speci�c object in them. Without

additional metadata collected or generated in the instances stage, it is not possible to create

clear schemas for those semantic features. To address this, a data scientist in Holsteinet al.

28



[67]'s study wished for an oracle that would automatically �nd a hundred other examples

of a failure they had found.

Creating schemas

There are myriad tools for creating and visualizing schemas of instances, from faceted

layouts [88] to crowd-powered methods for �nding areas of high error [83].

Better encodings of classic visualizations such as the confusion matrix can speed up

and improve model analysis. For example, unit visualizations showing individual failures

allow data scientists to dive deeper into the cause of low performance metrics [45, 87].

Confusion matrices can also be extended beyond binary classi�cation, such as analyzing

hierarchical models [101] or comparing multiple models [102].

Novel visualizations can be especially helpful for subgroup analysis. The most direct

method is to look at groups of all combinations of features using, for example, data cube

analysis [71]. Since this can create a countless number of subgroups, other visual systems

allow users to create subgroups from speci�c features and values [47, 82, 88]. While useful

if a data scientist knows what subgroups they want to create, these systems do not lead

users towards interesting groupings. Automatic slicing algorithms such as Slice Finder can

create a more reasonable number of subgroups with characteristics such as high loss [48].

By slicing data using input features, these visualizations and algorithms create schemas of

subgroups highlighting important AI behaviors.

Beyond explicit data slicing, there are also tools for creating schemas of unstructured

data. For example, clustering instances can surface semantically similar groups that may

have interesting characteristics [84, 103]. Visualizations can also help semantically group

data [46]; for example, AnchorVis [89] lets users de�ne “anchors” that spread the data over

different semantic dimensions.

Unfortunately, Holsteinet al. [67] and Wanet al. [95] found that knowingwhatgroups

of instances to create andhowto group instances are still major challenges for many data

scientists. Current schema methods are mostly focused on highlighting known patterns

in well-structured domains like tabular data. Additionally, few schema methods help data

scientists move on to the hypothesis stage by formally de�ning hypotheses and gathering

diverse supporting evidence. Schema methods that are better informed by hypotheses and

can more meaningfully organize large, unstructured datasets could better support data sci-

entists.
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Figure 4.4: Creatinghypothesesis the third sensemaking stage. Hypotheses are descriptions of
model behavior with supporting evidence. Hypotheses can come from schemas or existing domain
knowledge, like checklists and unit tests.

4.3.3 Hypotheses

The third stage of the framework are hypotheses, formal descriptions of model behaviors

(Figure 4.4). A hypothesis is a high-level description of a behavior (e.g.,the AI fails in

low light, or the AI works best for long sentences) along with supporting evidence. Data

scientists test the validity of their hypotheses by gathering enough diverse data to determine

how prevalent a behavior is. While hypotheses can come directly from schemas, they can

also originate from a data scientist's own domain knowledge or existing behaviors, such as

a data scientist experienced with image models checking how a model performs in low-light

settings.

Hypotheses in deployed settings are often described as unit or regression tests, well-

de�ned tests of behavior hypotheses [69, 67, 104]. In some cases data scientists even use

a test-driven ML approach in which they �rst de�ne the behaviors that a model should

have before training and evaluating the model [100]. For example, participants surveyed

by Zhanget al. [104] often derive initial behaviors their models should have from speci�-

cations of the AI product they are developing. When updating their models, data scientists

can check these hypotheses to ensure they are not regressing on important behaviors and

monitor any improvements.

Varied external sources can provide hypotheses of model behavior, such as real-world

users or customer service personnel. Looking through customer bug reports, customer-

facing team members often go through the sensemaking process themselves, �nding enough

examples of an AI's behavior to describe and report a hypothesis. Honget al. [105] termed

the people who �nd and test these hypotheses “model breakers”, roles who interact with

customers and may have more direct knowledge of the ways in which a model may be-

have. From these initial hypotheses, data scientists or testing engineers can go back to

the schema and instances stages to collect more evidence and validate the prevalence of

reported hypotheses.
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De�ning hypotheses

Hypothesis tools help data scientists understand and test model behaviors, especially when

tracking multiple hypotheses and assessing supporting evidence.

Visualization systems have shown promise for helping data scientists convert schemas

into formal hypotheses. Errudite is a system for NLP models that lets data scientists slice

their data into schemasand formally de�ne hypotheses of model behavior [46]. Robust-

ness Gym extends this capacity for NLP models by letting data scientists test a variety of

hypotheses, from adversarial attacks to data augmentation [94]. There are also systems

for statistical hypothesis testing, for example, HypoML is a visual system that lets data

scientists statistically test how models perform across speci�c concepts [90].

Formal testing methods can help scaffold and evaluate hypotheses of model behavior.

Even simple checklists of expected behaviors can give data scientists an idea of how well

their AI performs in common scenarios [44, 106]. These checklists can be either general

descriptions of behaviors or more speci�c hypotheses with supporting evidence that can

validate if an AI shows a behavior. Similar to testing in software engineering, data scientists

can also test more low-level behaviors of AI systems [107]. Metamorphic testing, checking

if a permutation of an input has an expected impact on the output, can be used to test

behaviors such as the impact of weather conditions on a self-driving car [91].

Current tools for creating and testing hypotheses tend to focus on speci�c, prede�ned

behaviors. They often do not enable data scientists to go back to the schema and instances

stages to discover new behaviors and hypotheses. There is also a more limited set of tools

for this stage of the process compared to the schema stage. Robust hypothesis creation and

evaluation tools could help data scientists more accurately describe and test what real-world

behavior their models have.

4.3.4 Assessment

Figure 4.5: An assessmentof the model's behavior is the �nal stage. The assessment provides an
actionable summary of a model that can be used for tasks such as improving the model or choosing
between different AI services.

Lastly, data scientists combine and organize hypotheses into a cohesive assessment
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of the behaviors of a model that can be used to make informed decisions (Figure 4.5).

For example, when choosing between AI services, a data scientist needs a summary of

the models' behaviors to decide which AI provides the best overall performance. Or, in

AI development, ML practitioners need to know the most signi�cant failures or areas in

which their model can improve the most. Additionally, Yanget al. [100] found that ML

consultants often report direct data insights and model iterations, assessments, to customers

to increase their trust and reliance on a model.

As the most structured stage of the sensemaking process, assessments often act as the

starting point for the other AI development processes. For example, a full assessment can

be used to decide which AI service is the best for a certain dataset. It can also guide future

data collection and model updates to target the areas for which the model performs the

worst. Data scientists can then go back to the assessment to see how their updates have

changed model behaviors.

AI teams often attempt to track model behaviors to check for serious issues and un-

derstand how their AI systems evolve over time. Many data science teams often deal with

issues on a case-by-case basis, �xing problems as they are detected in the real world [67].

This introduces its own challenges of ensuring that model updates do not inadvertently

regress on certain behaviors while improving others [95]. By having a combined central

assessment of model behaviors, data scientists can quickly see their model's overall perfor-

mance and make informed decisions [44, 94].

Assessment mediums

Recent work has explored how structured reporting about datasets and models can im-

prove future iterations. For example, Datasheets for Datasets [51] tracks the metadata of a

dataset, such as provenance and demographic distribution, to inform future model builders,

while Model Cards [108] describe AI models to inform their use and potential downsides.

Checklists of important steps and processes that data scientists should take can also lead

data scientists to more proactively audit the behaviors of their models [109].

Most current assessment tools focus on aggregate metrics and characteristics of a model,

whereas AI teams often end up tracking behaviors in an ad-hoc manner. Systems, espe-

cially visualizations, that can effectively summarize and track changes in behavior over

time could provide a useful and actionable assessment for data scientists. This information

can augment documentation methods, for example, with interactive model cards [58], and

provide a holistic view of how an AI system is working. While assessment is the �nal

sensemaking stage, it is not the end of the process. Understanding model behavior is an

iterative and ongoing process that data scientists continue going through as they update
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their AI and see new behaviors in the real world.

4.4 AIFinnity System

To assess our framework'sgenerativepower, we used it to create a system for analyzing

image-and-text models called AIFINNITY . AIF INNITY can be used to understand the be-

havior of a single model using ground-truth labels or compare two models against each

other. In the review of existing tools for AI analysis we found that there were a lack of sys-

tems that covered the full sensemaking process and helped data scientists move between

sensemaking stages. Therefore, our aim was to design a system that met these two goals,

using both new and existing AI analysis techniques.

We focused on image-and-text models since they are growing in use for tasks like im-

age captioning, visual question answering, and optical character recognition. Although

there are many tools for understanding the behavior of tabular and text models, as de-

scribed in Section 4.3, there are few tools speci�cally for image models. Image data is

often unstructured, making it dif�cult to explore instances and create meaningful schemas

and hypotheses.

AIF INNITY is a Jupyter widget written in Python and Typescript. Jupyter notebooks are

one of the most common data science platforms for data analysis and model training [110].

By making AIFINNITY a widget, we allow data scientists to directly load instances and

model outputs from a computational notebook into the tool. AIFINNITY is also model-

agnostic, working with common AI platforms such as PyTorch, TensorFlow, and online

services.

Running example: optical character recognition

AIF INNITY supports various image-and-text models, but we focus on two primary exam-

ples for this work, optical character recognition (OCR) for the system walkthrough and

image captioning for the user study in Section 4.5. As a running example of AIFINNITY 's

work�ow, we walk through the example of an AI developer exploring whether their OCR

system works for a new dataset of storefront signs [111]. This task is common in real-world

scenarios such as Google Maps identifying the names of businesses from streetview data.

As we describe AIFINNITY , we use block quotes to describe how a data scientist could

use each component in this running example (see Figure 4.7 for an overview):

Emma is an ML developer at a startup that provides an OCR service. Her

company has a new client who wants to use the system to read street signs.

Emma is unsure whether their model works for the client's data, so she loads

33



Figure 4.6: The AIFINNITY system is a Jupyter Widget that consists of three primary panels, shown
here for the image captioning task used in the user study. The(A) Image Explorer shows a sample
of images, sorted by the images with the most different labels. The(B) Image Previewshows the
currently selected image. It lets users see the image's extracted metadata, use tools �nd similar
images, and create counterfactuals. Lastly, the(C) Af�nity Diagram is where users can organize
instances into schemas and hypotheses. The colored borders represent the quality judgements from
users on whether they believe either or both of the outputs are adequate or not. Data scientists can
load AIFINNITY with any AI system and image dataset they are using in a Jupyter Notebook.

AIF INNITY with a sample of the client's storefront images, ground-truth la-

bels, and the AI's outputs. Her goal is to explore how well the AI works for

this new dataset to decide whether she needs to collect new data and retrain the

model.

4.4.1 Instances, Outputs, and Initial Schemas

AIF INNITY is implemented as a Jupyter widget primarily to enable data scientists to use

it with diverse, updating data, directly supporting theinstances and outputsstage of the

sensemaking process. Users pass to the widget a list or two of model outputs and image

paths, which can be dynamically updated from the Jupyter notebook. AIFINNITY explicitly

supports two outputs for each instance for a couple of reasons. When analyzing a single

model, one output can be the output of the AI model, while the other can be ground-truth

labels. AIFINNITY can also be used for model comparison, loading the outputs of both

models. In both cases, comparing the two outputs provides a useful metadata feature for
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