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Optimizing Organizational Design in a 
Rapidly Evolving AI Landscape 
Steve Choi 
Software and Societal Systems 
School of Computer Science 
Carnegie Mellon University 
Pittsburgh, PA 
 
 

Abstract 
In recent years, artificial intelligence (AI) has completely redefined how software is built and 
maintained across multiple industries, impacting all of software engineering verticals. While 
some organizations are successful in adapting to this new phenomenon, other organizations have 
fallen behind because they are struggling to translate requirements of building AI software into 
building scalable systems. Why are some organizations successful in accelerating their AI 
initiatives while some struggle, despite having comparable infrastructure, talent, and ambition? 
One critical, yet often overlooked, factor may lie in how organizations structure their engineering 
teams to manage the dynamic and uncertain demands of building AI software systems. This 
thesis investigates how different engineering organizational models, ranging from product 
oriented versus platform oriented models, operates in environments with volatile requirements by 
surveying industry professionals across a range of industries and roles. Through the lens of 
requirements management, this paper examines the tradeoffs between these two organizational 
models by evaluating which model better manages the evolving technical and business needs in 
the world of AI, and how constantly changing requirements are mitigated within each 
organizational structure. 
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1.0 Introduction 
In an interview with the Economist in 2018, Google CEO, Sundar Pichai, stated that “AI 
[artificial intelligence] is one of the most important things humanity is working on. It is more 
profound than electricity or fire” [1]. Recent history has proven since then that AI has become 
one of the most important technological disruptions impacting all software engineering verticals. 
While the end impact of AI has yet to be quantified, organizations are shifting not only their tech 
stack but also their organizational models to best support their AI initiatives. Furthermore, with 
the introduction of Genenerative AI (GenAI) and Large Language Models (LLMs) in the last 
year, the pace of technological improvements has only accelerated, and the swift adoption by 
organizations of GenAI into their products and tech infrastructure is routinely characterized by 
high velocity and frequently changing requirements that move faster than management teams can 
assess. Driven by non deterministic behavior of GenAI software, building enterprise scale AI 
software systems in current times will require organizations to adapt both their tech stack and 
their engineering organizational models quickly and iteratively. 
 
The capabilities of AI have gone through significant improvements in the past few years with the 
introduction of GenAI and LLMs. Initial AI systems were focused on building predictive ML 
models and building scalable engineering systems to run deterministic inference. However, with 
the introduction of GenAI, AI software systems are no longer just running simple inference but 
are running complex inference to generate multimodal content across text, images, code, and 
video. These systems have evolved to run inference in a non deterministic and probabilistic 
fashion [2], with outputs that are less predictable than traditional software systems and even 
legacy ML inference systems. 
 
This technical improvement is introducing a new layer of organizational complexity due to 
GenAI’s impact on inherent unpredictability and constantly changing requirements. To keep up 
with the game changing effects of GenAI, organizations must rethink their team structures to 
support the scale and velocity required by modern AI software systems. In this sense, 
organizations need to assess whether their organizational models are best equipped to support the 
fluid, fast paced, and non deterministic nature of AI software development. 
 
At a more granular level, picking an organizational model impacts how well an organization will 
manage the volatility that comes with building non deterministic AI software systems. One of 
these organizational models is a product oriented team, which emphasizes domain ownership, 
feature velocity, and fast responsiveness for building features for end users, while another such 
structure is a platform oriented team, which emphasizes scalability, reusability, and reliability of 
the engineering platform for running inference. Each organizational model has strengths and 
weaknesses when it comes to the fast paced and chaotic nature of the modern AI software 
development process. 
 
This thesis investigates how these two organizational models for software engineering teams 
impact an organization’s ability to manage requirements in a world where AI software 
development has infiltrated every part of the software engineering vertical. Through the lens of 
requirements management and organizational design, this research looks to evaluate which 
organizational model better supports product development, scalability, maintenance, and long 
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term adaptability in the face of the unique challenges proposed by modern AI software. To 
support this research, a research survey of 15 different industry professionals with direct 
experience building AI software systems will be conducted to obtain sampling data points on 
how effective each of their organizational models are across different contexts in AI software 
development. 
 
While existing literature is rich on the technical capabilities of modern AI software systems, such 
as on model architecture, inference systems, and platform practices, there remains a significant 
gap in understanding how organizational design impacts the development lifecycle of AI 
software systems. In particular, very little literature explores the intersection between 
organizational models and requirements engineering for AI software systems. This thesis 
researches and evaluates existing organizational models in tech companies and looks to propose 
an ideal organizational model that will positively impact the requirements management process 
of modern AI software systems. 
 
Ultimately, the goal of this research is to provide practical guidance to engineering leaders across 
a wide range of industries at tech companies seeking to align their organizational models with 
the demands of modern AI capabilities. By investigating and comparing product oriented 
organizational models to platform oriented organizational models, this thesis will analyze both 
organizational models in depth and assess each model’s strengths and weaknesses in meeting the 
constantly changing demands of AI software systems and will ultimately recommend an 
organizational model that offers greatest benefits effectiveness for supporting modern AI 
software development. 
 
 

2.0 Background 
Traditional software systems, including legacy AI software systems, such as classical ML 
software system, are fundamentally built on deterministic logic, which can be defined by “given 
a set of fixed inputs, there will be repeatable outputs.” While traditional AI software systems are 
grounded on the same logic, modern AI software systems leveraging GenAI or LLMs break from 
this paradigm because they do not rely on fixed inputs and outputs; rather, they leverage massive 
datasets to generate a probabilistic result as the new output [2]. This shift not only affects how AI 
software systems behave technically but also requires organizations to rethink their development 
processes and organizational models to manage the increased complexity and volatility of 
building modern AI software systems. 
 
Another key difference in modern AI software systems from older ML software systems is that 
the models that it uses to run inference are based on constantly evolving requirements and inputs. 
Because the underlying training data is constantly changing and due to the changing regulatory 
environment as evidenced by FTC’s probe into GenAI [3], organizations are forced to rethink 
how AI software systems are built, scaled, and maintained. These shifts - both technical and 
regulatory - are forcing organizations to be more adaptive and keep pace with the technological 
improvements of modern AI. 
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In a recent fireside chat hosted by Y Combinator, Satya Nadella, CEO of Microsoft, noted that 
“the hardest part of AI isn’t the tech. It’s getting people to change the way they work” [4]. This 
comment highlights that even the biggest tech companies face organizational headwinds when 
deploying AI software systems. Beyond the technical difficulty of operationalizing AI models, 
companies must consistently align fast moving technologies to business goals that are fluid and 
often ambiguous. As AI business initiatives evolve, product requirements may shift 
unexpectedly, prompting organizations to adapt quickly and realign project objectives on the fly. 
This increased velocity and volatility can put a strain on the existing organizational model and 
team structure, leading to a lack of clear ownership, miscommunicated requirements, and 
increased mistakes from cross functional workstreams [5]. Ultimately, a company’s ability to 
adapt its organizational model to the improving technical capabilities of modern AI systems is a 
key factor in successfully releasing products driven by AI software. 

2.1 Motivation 
With all the hype surrounding modern AI systems, primarily GenAI and LLMs, in the tech 
industry, some aspects of discussion appear to be underexplored. Because deploying AI systems 
with real world impact is dependent on successfully integrating AI into the products that humans 
use, it is crucial to evaluate whether current organizational models in the tech industry can 
effectively manage increasingly volatile requirements of building AI software systems. Due to 
the cross functional nature of the AI model deployments - e.g. deploying AI models into 
software systems involves several steps, ranging from data ingestion, model training, 
performance tracking, and even compliance review - the process of managing requirements can 
be incredibly critical and requires a deep understanding of how teams are structured. 
 
Additionally, requirements management for building AI software systems is quite different from 
most product based engineering workflows, such as building a button on an app. It requires 
continuous exercise that requires rapid feedback, validation of adapting business outcomes, and 
clear communication across multiple teams including engineering, product, compliance, and data 
teams. To manage this type of constant state of change within such a difficult cross functional 
workflow, it is critically important that research be conducted to evaluate whether an 
organization’s organizational model can effectively support the demands of a unique and highly 
iterative yet volatile development cycle. 

2.2 What does this Thesis Not Cover? 
It is important to highlight that this thesis is not intended to be a technical deep dive into the 
architectures behind an AI model or designs for the AI software system architecture. This thesis 
will also not explore the ethics of AI, nor does it provide a guide on the development of AI 
applications, nor will it rank LLMs in order of performance. The thesis will limit its focus on the 
topic of researching the optimal organizational model in AI software development, e.g. how team 
structures affect an organization's ability to timely respond to the fast changing requirements of 
AI software. Lastly, this research will not be covering any improvements to developer 
productivity with the use of AI. By strictly studying how these organizational models enable 
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agility, alignment, and long term maintainability, this research aims to provide practical insights 
for engineering leaders navigating the realities of building AI software systems at scale. 

2.3 Key Terminologies  
This section will look to provide clarification and define specific concepts or terminologies used 
throughout the thesis. 
 

• Artificial Intelligence (AI): Systems capable of simulating human intelligence from 
programmed machines 

• Inference Systems: Systems that applies its learned knowledge - typically via models - 
to unseen data to generate classifications, predictions, or other outputs 

• Requirements Management: The process of defining, documenting, and managing the 
needs of stakeholders when building a product and/or a system 

• Product Oriented Teams: Teams focused on delivering customer facing products, 
services, and outcomes specific to a domain or user group 

• Platform Oriented Teams: Teams responsible for building reusable, scalable 
infrastructure components and tooling that support multiple use cases across the 
organization 

• MLOps: A set of engineering practices that aim to standardize the machine learning 
lifecycle - typically from model development to deployment and monitoring 

• AI Software Development: The end to end process of designing, deploying, and 
maintenance of software systems that leverage and run inference on AI models, including 
deterministic and non deterministic models 

• Requirements Management: The process for defining and managing requirements for a 
product, system, or a project 

• Team Topologies: A framework for organizing teams in a way that optimizes for cross 
team collaboration and faster delivery times 

 

 

3.0 Technical Details 
This section will dive into the technical details of the research method and how the survey was 
conducted. 

3.1 Research Method 
This research’s main approach explores how different organizational models of engineering 
teams, ranging from product versus platform team structures, manage the iterative and fast 
changing requirements management, cross functional workstreams, and the cost of maintaining a 
complex, evolving system over the long term. A targeted survey of 15 different industry 
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professionals across a range of company sizes with experience working and building AI software 
systems were interviewed. 
 
Target companies and industry professionals were identified and selected with five key 
considerations in mind. 
 

1. The first goal was to find a portfolio of companies that were of varying market 
capitalizations, ranging from small startups to big tech companies. This was done to 
reduce a bias in software engineering budgets, from both an infrastructure cost 
perspective and headcount cost perspective. Companies with substantial financial 
resources have the optionality to pursue both product and platform oriented 
organizational models in parallel. In contrast, companies without substantial financial 
resources are often forced to make organizational tradeoffs, which could reveal clearer 
insights into how organizational models impact AI software development. However, to 
obtain a comprehensive sampling of companies, companies of a wide range of financial 
capabilities were identified and chosen. 

 
2. The second goal was to select a mix of companies at varying points in implementing AI 

software within their organizations. By including companies at the early stage and mature 
tech stages of AI adoption, the goal was to make the findings from the survey participants 
more broadly applicable for a wide range of industry professionals. 

 
3. The third goal was to find a set of companies representing a variety of industries, ranging 

from ecommerce, social media, finance, fintech, etc. Having a broad spectrum of 
industries ensures that the research comprehensively captures regulatory pressures, 
industry specific constraints, and customer behaviors because organizational models that 
work well in fast paced consumer tech companies may not translate to highly regulated 
financial institutions. By sampling surveys across several industries, the research is 
looking to avoid overfitting conclusions and identify patterns that are relevant across 
different contexts. 

 
4. The fourth goal was to find industry professionals across a range of organizational roles, 

from individual contributors, engineering management, and product managers. Each role 
brings a unique perspective on how AI software development is prioritized and executed 
within an organization. By including technical roles and business roles, the research 
captures a holistic perspective on how team structure influences prioritization and 
requirements management of AI software development. However, it was important to 
select these industry professionals who have first hand experience in building AI software 
systems to limit less relevant survey answers in other software engineering verticals. 

 
5. The final goal was to survey a set of industry professionals with varying tenures at their 

current organizations to capture a comprehensive perspective on how organizational 
structures support AI software development over time. These individuals ranged from 
individual contributors who started their current roles a few months ago to engineering 
managers who have been in their roles for 5+ years. The goal was to understand not only 
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the current state of organizational models but to evaluate how it has changed in response 
to changes in technology and business needs. 

3.2 Profile of Survey Participants 
ID Position Industry Company Size Tenure 

0 Engineering Manager Ecommerce 100k+ 1+ years 

1 Data Engineer Fintech 100+ 2-5 years 

2 Director of Engineering Consumer Tech 500+ <1 year 

3 Product Manager Social Media 50k+ 5+ years 

4 Engineering Manager Consumer Tech 50+ <1 year 

5 Director of Engineering Social Media 50k+ 2-5 years 

6 Backend Engineer Social Media 50k+ 2-5 years 

7 Engineering Manager Finance 100+ 5+ years 

8 Engineering Manager Consumer Tech 1000+ 2-5 years 

9 Product Manager Fintech 1000+ <1 year 

10 Machine Learning Engineer Consumer Tech 500+ 1+ years 

11 Machine Learning Engineer Social Media 50k+ <1 year 

12 Backend Engineer Social Media 50k+ 2-5 years 

13 Backend Engineer Ecommerce 100k+ 5+ years 

14 Site Reliability Engineer Consumer Tech 500+ 2-5 years 
Source: levels.fyi and Survey Responses 

3.3 Survey Design 
All 15 participating industry professionals took part in a structured interview that lasted 60-75 
minutes. The interview questionnaire consisted of questions regarding five main areas of interest. 
 

1. Organizational structure of their employers 
2. Adaptability of change within the organization 
3. Cross functional collaboration between teams 
4. Ownership model and success criteria 
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5. Evolution of team structures 
 
The survey is structured around five key areas. Each key area contains an open ended question 
that is designed to elicit qualitative responses that reveal how different organizational models 
impact the requirements management of AI software development in real world settings. The 
questions were refined over a period and required multiple follow ups with industry 
professionals. Participating industry professionals took part in a structured interview that lasted 
60 to 75 minutes covering 12 survey questions below. 
 
Theme 1 Organizational Structure This section looks to answer how teams are organized and 
observe the tradeoffs that emerged from these structural choices. 

• Q1: How is your data and engineering organization structured today? Is it primarily 
product oriented or is it platform oriented? 

• Q2: What tradeoffs have you seen in your organizational structure? 
• Q3: If you were the head of engineering, how would you reorganize the team structure so 

that it would be more effective in your organization? 
 
Theme 2 Adaptability of Change This section looks to see how different organizational models 
manage and adapt to the volatile changing requirements in AI software engineering. 

• Q4: How frequently do the requirements for AI software systems change in your 
company? 

• Q5: How do your teams manage the constantly changing regulatory landscape of AI? 
• Q6: How does your organization assure consistency and quality when developing AI 

software across your business verticals? 
 
Theme 3 Cross Functional Collaboration This section looks to explore how different teams, 
ranging from engineering verticals to product teams, coordinate and align around AI initiatives. 

• Q7: What are some key challenges with getting your product teams aligned with your 
infrastructure teams to deliver AI software systems?  

• Q8: How are AI initiatives prioritized in your company? 
 
Theme 4 Ownership Model and Success Criteria The fourth section looks to understand how 
the evolution of the core drivers and the ownership model of AI software and how success is 
defined in each of the AI initiatives. 

• Q9: What metrics do you use to measure the success of your AI initiatives? Who gets the 
credit for successful launches of AI software in the organization? 

• Q10: What team or key individual is responsible for pushing the AI initiatives in your 
organization? 

 
Theme 5 Evolution of Team Structures This last section looks to understand how the core 
drivers and the ownership model of AI software and how success is defined in each of the AI 
initiatives. 

• Q11: How long have you been with the company and how has the organizational 
structure changed as AI software development became a part of your company strategy? 

• Q12: What internal triggers - such as regulatory pressure, model complexity - have most 
influenced or changed the organizational structure in your company? 
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The responses were analyzed as a whole, accounting for everyone and organization’s contextual 
situation, to surface patterns and tradeoffs that go beyond any individual companies or industries, 
thus offering insights that can be generalized for engineering leaders navigating the constantly 
changing requirements of building AI software systems at scale. 
 
To further support the survey findings, additional research was conducted on engineering blogs 
and public company announcements by large tech companies and incorporated into the analysis. 
These engineering blogs offer insight into macro level company decisions. By aligning the 
survey responses with broader company communications, the resulting analysis will provide 
validity to the survey participants’ responses about how their organizations are adapting to the 
volatile and evolving requirements for building AI software systems. 

3.4 Research Method Rationale 
The qualitative survey approach with literature support is the most suitable research method for 
this topic for two reasons. 
 
Unlike traditional software development, AI software systems often require collaborative, 
flexible, and adaptive requirement processes across cross functional teams. These organizational 
capabilities are significantly shaped by team structure, ownership models, and company culture, 
all of which benefit from in depth context based surveys from industry professionals rather than 
looking at specific lines of code or quantitative metrics. 
 
While quantitative methods were considered, it is hard to apply to the topic of managing 
requirements through organizational models for AI software systems because AI software 
development is such a recent phenomenon. Corporate success metrics have not fully matured and 
measuring in isolation the quantitative benefits of organizational models in AI software 
development is difficult to isolate. This data is not publicly available and, as a result, the short 
timeline of AI adoption limits our ability to draw any meaningful, statistically significant 
conclusions. 
 
Although AI software development remains a relatively recent and evolving field, this research 
was able to gain direct access to key industry professionals across companies with real world 
experience in building AI software systems. Although organizations consider their internal AI 
practices - both organizational and technical - to be part of their core intellectual property, the 
participating industry professionals were able to share high level insights, structural frameworks, 
and qualitative reflections that are nonproprietary but highly informative for this research. This 
direct access to industry professionals who are embedding AI software into everyday products 
that billions of people use strengthens the validity of the study’s comparative insights and 
reflects the maturity of relevant experience in the AI software development. 
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3.5 Limitations of Chosen Research Method 
The research approaches presented in this thesis provide some information regarding the 
relationship between organizational models and product releases of AI software systems through 
requirements management, but it has limitations that need to be highlighted. 
 
Firstly, the entire field of AI, whether its regarding model development, software 
implementation, or AI adoption, is still early. The technologies that underlie AI and the 
organizational models that encourage it have evolved extremely rapidly in recent years. Thus, the 
findings presented in this study only represent a small snapshot in time, and there may be 
additional future patterns around best practices, team models, or technological limitations that 
cannot be represented in this thesis. As such, the time horizon in which this research can look 
back and analyze is limited and affects how broadly the findings can be analyzed. 
 
Secondly, there is no quantitative benchmarking and limited survey controls in this research. All 
the literature and survey participants provide sizable qualitative data, but the type of data used 
here have potential for bias, despite the survey design’s attempts to mitigate bias. Additionally, 
the proprietary nature of AI software development makes it impossible for collection of 
quantitative data. Therefore, it is impossible to make statistical claims about which 
organizational structure is superior to another, given the limitations of the survey responses and 
anecdotal evidence. 
 
Therefore, the findings from this research can be interpreted only as emergent patterns and 
informed perspectives as it does not provide quantitative proof. The conclusions reached from 
this research are an exploratory interpretation of the structural trade offs that exist in managing 
requirements for AI software systems, and more quantitative research is needed to create 
empirical, statistically significant conclusions. 
 

 

4.0 Survey Results 
This results and analysis section will dive into the results of the survey and analyze the survey 
responses for any interesting trends. 

4.1 Overview of Survey Results 
To evaluate the impact of organizational models on managing requirements for AI software 
development, the research surveyed 15 different industry professionals in organizations of 
various sizes, industries, and AI maturity levels, which survey participants were asked to bucket 
into one of four categories: experimentation, early stage adoption, operational and scaling, and 
mature stage. 
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ID Industry 
Professional 
Role 

AI Maturity 
Scale 

Organizational 
Model 

Key Insight 

0 Engineering 
Manager 

Mature Large Hybrid 
Product and 
Platform Team 

• Good to have very detailed 
processes for intake requests 
for managing the 
requirements of all teams 

• Both product and platform 
oriented teams are just a 
subset of teams needed to 
execute a complex AI 
software project 

1 Data 
Engineer 

Early Stage 
Adoption 

Small Product 
Oriented Team 

• Just created a new product 
oriented team but 
engineering management 
didn’t want to hire 
expensive platform 
engineers early on 

2 Director of 
Engineering 

Operational & 
Scaling 

Mid Size Product 
Team 

• Clear ownership delineating 
is key in making sure 
requirements are assigned 
correctly to  

3 Product 
Manager 

Mature Large Hybrid 
Product and 
Platform Team 

• Both teams do very different 
things 

• Very important to deliver 
changing requirements to 
both teams, but generally 
product oriented teams are 
better at pivoting 

4 Engineering 
Manager 

Experimentation Small Product 
Oriented Team  

• Product oriented teams 
guarantee fast iterations and 
pivots as the business 
experiments 

5 Director of 
Engineering 

Mature Large Hybrid 
Product and 
Platform Team 

• Both product and platform 
oriented teams are needed 
for managing requirements 
as neither have the whole 
picture of what needs to be 
executed from a higher up 
perspective 
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6 Backend 
Engineer 

Mature Large Hybrid 
Product and 
Platform Team 

• Use of GenAI software 
allows for faster iterations 
and decreases the need for a 
centralized infrastructure 
team 

7 Engineering 
Manager 

Early Stage 
Adoption 

Small Product 
Oriented Team  

• Only adopting 1-2 AI 
initiatives right now so there 
is no need for platform 
oriented teams to support 
building AI software yet 

8 Engineering 
Manager 

Operational & 
Scaling 

Small Hybrid 
Product and 
Platform Team 

• Product oriented teams 
increasingly want more 
platform support. Finding 
that different product teams 
use different platform 
solutions so there is a lot of 
tech debt 

9 Product 
Manager 

Early Stage 
Adoption 

Small Hybrid 
Product and 
Platform Team 

• Primarily interface with 
product oriented engineering 
teams but think business 
contextual information is 
important so the product 
oriented model will never go 
away 

10 Machine 
Learning 
Engineer 

Operational & 
Scaling 

Small Platform 
Team 

• Platform team is 
increasingly more important 
as a lot of the next set of 
requirements in building AI 
software is about scaling the 
existing platform 

11 Machine 
Learning 
Engineer 

Operational & 
Scaling 

Large Hybrid 
Product and 
Platform Team 

• Important to pair platform 
engineers with the product 
engineers and even the data 
scientists to make sure that 
AI software iterations 
remain tight 

12 Backend 
Engineer 

Mature Large Hybrid 
Product and 
Platform Team 

• Clear requirements outlining 
and execution steps are 
needed for building w 
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13 Backend 
Engineer 

Mature Large Hybrid 
Product and 
Platform Team 

• Majority of cross functional 
communication is needed 
upfront to prevent 
requirement changes 
happening too many times 

14 Site 
Reliability 
Engineer 

Early stage 
Adoption 

Small Platform 
Team 

• Product oriented teams 
increasingly want more 
platform support 

Source: Survey Responses 

4.2 Key Themes from Survey Responses 
Theme Larger Enterprises Mid Sized & Startup 

Continuously 
Evolving 
Requirements 
Management 

• Highly iterative, multiple layers 
of prioritization to get things 
through. Often slow as it has to 
support many different business 
lines and use cases 

• Fast paced, informal, but fast 
feedback loop. Does not 
have to support multiple use 
cases - just focus on solving 
for the specific product 

Cross Functional 
Collaboration 

• Very cross functional, very 
formal interfaces between teams 

• Everyone sits very tightly in 
the same product centric 
team. Very direct access to 
rest of team 

Engineering 
Maintainability and 
Scalability of 
Platform 

• Very important - one of the key 
benefits of platform oriented 
organizational structures 

• Often deprioritized for 
improving iteration cycle on 
the AI product feature 

Source: Survey Responses 

4.3 Survey Analysis 
Based on the survey responses of the industry professionals across a range of companies, a 
consistent theme was highlighted by survey participants: there is no singular best organizational 
model for managing requirements and building modern AI software systems. Companies adopt 
different organizational models as the business matures and often develops from a decentralized 
product oriented organizational model to a hybrid product platform oriented organizational 
model as AI software systems get increasingly complex and difficult to deploy. This conclusion 
reflects key principles of team topologies, which advocate for evolving team structures as 
systems scale and become more complex [6]. 
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An important takeaway from the survey responses is that company size, AI maturity, and number 
of AI initiatives are important dimensions when considering how to design their internal 
organizational model. Rather than suggesting a standardized approach, the findings highlight that 
an organization’s optimal structure should be reflective of the company’s current state but can 
evolve gradually over time as systems get more complex. 
 
For larger organizations, especially those with significant financial resources and sizeable 
engineering teams, a hybrid product and platform organizational model is the best structure to 
adopt. This model integrates product oriented team, which focus on building applications 
needing heavy business, with a platform oriented team responsible for building centralized 
infrastructure and tooling. 
 
Survey Participant 0, an engineering manager at a large ecommerce company, explained that his 
product engineering team works closely with a “centralized ML platform team to use reusable 
MLOps” [Survey Participant 0, 2025]. This collaboration is essential, he noted, because his team 
supports “multiple business verticals that exist within the organization” [Survey Participant 0, 
2025], each requiring distinct AI inference systems. Survey participant 11 also noted, “without a 
platform team standardizing workflows and managing model lifecycle infrastructure, you’d have 
multiple teams trying to reinvent the wheel” [Survey Participant 11, 2025]. 
 
These observations highlight an important theme; as organizations scale, a centralized platform 
team is crucial in maintaining economies of scale for scaling and maintaining AI software 
systems. In practice, hybrid organizational models at large companies are process heavy and 
often require multiple levels of approvals and change management. While this hybrid model may 
lead to increased time for developing AI software systems, it ensures future scalability, 
maintainability, and risk management for a non deterministic system. 
 
For small to mid size companies, particularly startups in the early stages of experimenting with 
AI software systems, a product oriented model is usually the only model feasible given the 
limited resources and smaller engineering team sizes. Several participants cited that the product 
oriented model prioritizes rapid feature development and close alignment with business 
objectives [Survey Participant 1 & 4, 2025]. Such teams are typically embedded with data 
scientists, ML engineers, and software engineers as a singular unit that is purposed for maximum 
development speed. 
 
Survey Participant 11 emphasized that “having data talent within product engineering teams 
promotes tighter feedback loops and faster delivery” [Survey Participant 11, 2025]. Similarly, 
Survey Participant 1 noted, “we don't have a central data platform team. We ship models and 
inference systems as part of our product sprints” [Survey Participant 1, 2025]. Another 
participant described this setup as “the only way to move fast enough to meet stakeholder needs” 
[Survey Participant 6, 2025]. These responses highlight the tight feedback loops and speed of 
development of product oriented teams, which are key advantages for organizations seeking 
rapid iteration during early stages of proving out new products powered by AI software systems. 
 
However, this product oriented approach has tradeoffs. As the complexity and scale of building 
AI software systems increases, the limitations of the product oriented model become more 
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evident. Survey Participant 8 cautioned that “while this model increases velocity, it leads to 
faster accumulation of tech debt and inconsistent engineering patterns across teams” [Survey 
Participant 8, 2025]. Without a centralized platform team, it can result in duplicated effort across 
different product oriented teams and increase challenges for scaling the platform long term. 
However, over time, this same participant noted that his current organization started to “face 
difficulty standardizing the different code bases powering different AI software” [Survey 
Participant 8, 2025] which prompted them to start investing in a centralized AI platform. Lastly, 
another survey participant noted that his organizations “engineering leadership did not want to 
invest fully in a platform team” [Survey Participant 1, 2025] due to the high cost of employing 
incremental full time engineers. 
 
This evolution reflects trends mentioned by survey participants from more established 
organizations and further supports the research findings: product oriented models enable speed 
and alignment in early stages, but hybrid models become essential as AI software systems scale 
in complexity and scope. 

4.4 Company Trends 
To further support survey responses, additional research was conducted on how leading 
technology companies are structuring their internal organizational teams to manage the 
complexity and scale of building modern AI software systems. These efforts do not seem 
isolated; rather, they seem to indicate a growing trend across leading tech companies that 
successful AI software systems require a hybrid approach of product and platform model. This 
trend was verified by Survey Participant 10 who stated that “you need product teams driving use 
cases, but without a platform layer, everything breaks once you scale” [Survey Participant 10, 
2025]. 
 
Below is a compilation of how each major tech companies are evolving their organizational 
models, and these findings ultimately support the core feedback from the survey responses 
regarding larger tech companies that the most optimal organizational model that these companies 
are adopting is a hybrid product and platform model. 
 
Google 

• Google centralizes AI teams horizontally across products to focus on scalability, safety, 
and consistent process for AI innovation [7]. 

• Google forms DeepMind to centralize GenAI research and productionization to increase 
coordination between developers and researchers [8]. 

Amazon 
• Amazon recommends a federated model - what this research calls a hybrid product and 

platform organizational model - for enterprises looking to scale multiple AI initiatives 
[9]. 

 
Microsoft 

• Microsoft launches a CoreAI – Platform and Tools team to centralize infrastructure for 
all product lines building AI software systems [10]. 
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Meta 
• Meta structures their GenAI team into the hybrid product and platform organizational 

model: AGI Foundations (platform oriented team) and Products (product oriented team) 
[11]. 

 
 

5. Recommendation 
The findings support that, at a certain large enough enterprise scale, when there are multiple AI 
initiatives at the company and scaling considerations, utilizing a hybrid organizational model is 
the most effective at achieving a balance between centralized scalability and decentralized 
agility. Centralized platform teams provide fundamentally important tooling, scaling 
infrastructure, and governance frameworks while product oriented teams retain ownership of AI 
software systems for specific business initiatives. This shared responsibility allows organizations 
to scale and keep a low cost of maintaining all of their AI initiatives, without sacrificing the 
business specific context that product oriented teams excel at. However, to make this hybrid 
approach successful at larger organizations, it is imperative that clear communication and 
responsibilities lines are determined and assigned to each responsible team. 
 
Another key consideration is that an organizational model is not a one time decision but rather 
requires frequent evaluation considering where the direction of AI initiatives and company size 
are headed in. Early stage organizations accomplish both innovation and responsiveness by 
embedding AI capabilities into product teams as much as possible for maximum velocity. 
However, as these smaller organizations mature and become more complex - supporting multiple 
business verticals and having multiple AI initiatives - investing in platform teams is a key lever 
in making sure that there is long term scalability and maintenance through a centralized platform 
oriented team. As organizations transition into hybrid team structures, the engineering leadership 
team must install specific processes and workflows to ensure a successful transition of an 
organizational model and make sure that this organization model is equipped to meet future 
demands of changing requirements, cross functional collaboration, and long term performance of 
AI software systems. 
 
In conclusion, this research finds that there is no universally optimal organizational model for 
managing requirements for AI software systems. The effectiveness of any organizational model 
is contingent the organization’s AI maturity, scale, and the number of AI initiatives. Rather than 
committing to a standardized model, organizations must adopt a flexible, evolving approach that 
frequently assesses its organizational model as its AI software systems scale and grow complex.  
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6. Future Work  
While this research offers insight into how organizational models affect requirements 
management for building AI software systems, there are two areas that warrant further 
exploration.  
 
For startups and operationally maturing companies, future research should look to identify when 
product oriented teams should begin to shift their organizational model into a hybrid model. This 
research should include identifying trigger conditions, such as platform duplication across 
product oriented models, rising compliance burdens, or model governance issues. 
 
As the field of AI development matures in the next few years, another area of further exploration 
would be to conduct quantitative research on the benefits of specific organizational models on 
building AI software. Some metrics that future research could look at are the time it takes to 
translate requirements to system designs, the cost of maintaining AI systems in product oriented 
teams versus platform oriented teams, and the marginal increase in development time for 
building AI software systems with a change in requirements. 
 
 

7. References 
[1] Pichai, S. (2018, February 1). Google CEO Sundar Pichai: AI is more important than fire or 
electricity. CNBC. https://www.cnbc.com/2018/02/01/google-ceo-sundar-pichai-ai-is-more-
important-than-fire-electricity.html  
 
[2] Bommasani, R., Hudson, D. A., Adeli, E., Altman, R., Arora, S., von Arx, S., ... Liang, P. 
(2021). On the opportunities and risks of foundation models. ACM Digital Library. 
https://doi.org/10.1145/3491102.3502030 
 
[3] Federal Trade Commission. (2024, January 25). FTC launches inquiry into generative AI 
investments and partnerships. https://www.ftc.gov/news-events/news/press-releases/2024/01/ftc-
launches-inquiry-generative-ai-investments-partnerships 
 
[4] Hall, R. (2025, June 26). Satya Nadella says AI is changing how people work and reshaping 
jobs. Business Insider. https://www.businessinsider.com/satya-nadella-microsoft-ceo-ai-
changing-how-people-work-jobs-2025-6 
 
[5] McKinsey & Company. (2024, July). The state of AI: How organizations are rewiring to 
capture value. https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai 
 
[6] Liao, Q.V., Sundar, R.: Designing for human-AI collaboration in decision-making: a review 
and proposal for interdisciplinary research. In: Lugrin, B., Peters, C., Volz, S. (eds.) Intelligent 
Virtual Agents. IVA 2021. Lecture Notes in Computer Science, vol. 13035, pp. 335–347. 
Springer, Cham (2021). https://doi.org/10.1007/978-3-030-87013-3_21 



                               Optimizing Organizational Design  
in a Rapidly Evolving AI Landscape  

 19 

 
[7] Sullivan, M. (2024, April 18). Building AI for the future. Google Blog. 
https://blog.google/inside-google/company-announcements/building-ai-future-april-2024/ 
 
[8] Vern, G. (2023, April 20). Google consolidates AI teams into DeepMind to scale capacity. 
Computerworld. https://www.computerworld.com/article/2093631/google-consolidates-ai-teams-
into-deepmind-to-scale-capacity.html 
 
[9] Amazon Web Services. (2024, March 4). Generative AI operating models in enterprise 
organizations with Amazon Bedrock. AWS Machine Learning Blog. 
https://aws.amazon.com/blogs/machine-learning/generative-ai-operating-models-in-enterprise-
organizations-with-amazon-bedrock/ 
 
[10] Microsoft. (2025, January 13). Introducing core AI platform and tools. Microsoft Blogs. 
https://blogs.microsoft.com/blog/2025/01/13/introducing-core-ai-platform-and-tools/ 
 
[11] PYMNTS. (2025, May 10). Meta reorganizes GenAI team to accelerate product rollouts. 
https://www.pymnts.com/news/artificial-intelligence/2025/meta-reorganizes-genai-team-
accelerate-product-rollouts/ 



  
  
  
  

Between the Monolith and Microservice: how architectures 
evolve as applications grow 

 
  
  
  
  

Submitted in partial fulfillment of the requirements for the 

degree of 

Master of Software Engineering 
  
  
  
  

Carl T. Gruhn 
  
  

<Degree>, <Discipline>, Carnegie Mellon University 
 

  
  
  
  
  
  
  
  

Carnegie Mellon University 
Pittsburgh, PA 

  
  

December degree will be awarded, 2025 

Bradley Schmerl



  
  
  
  
  
  
  
  
  
  
  
  
Keywords: software architecture, monolith, monolithic, microservice, hybrid 
 
  

Acknowledgments 
  
I would like give special thank my advisor, Dr. Bradley Schmerl, who provided invaluable 

insight, guidance, and feedback into this research. Without his diligent guidance, this paper 

would not have been possible. I’d also like to appreciate the MSE faculty for all the expertise 

and advise they provided over the years. Lastly, I’d like to thank my MSE peers and 

colleagues for their feedback and advice that contributed and strengthened this research. 

  
  
 

  

  



Abstract 
  

The discussion regarding software architecture of large-scale systems generally defaults to 

two main designs: microservices or a monolith. We investigate the architectural designs that 

exist between these two paradigms, focusing on existing systems and their self-described 

architectures. Focusing on the why architectures change and evolve, as well as design 

variants. We presented patterns in why and how architectures evolve and advocated for an 

architectural approach that acknowledges the limitations of both microservices and the 

monolith.  

 

 
  
  



1. Introduction 
Modern software architecture for large-scale web-based applications has two primary and 
diametrically opposed designs: the monolith and the microservice. In the former, the system and 
all its services are contained within a single unit; the latter, the system is a suite of individual 
services, with each service being a single unit. For one, the deliverable unit is as large as 
possible, for the other, as small as possible. These designs live at each end of how to architect 
a system, leaving a large gap in between. Often, for these large-scale applications, a 
microservice architecture is viewed as the only appropriate option. As described in an article 
published by Shopify’s engineering blog, “[microservices] were touted as the end-all solution to 
all of the problems arising from monoliths.”[1] While microservices are considered easier to 
update, deploy, and scale[2], they create other difficulties uncommon in a monolith. Additional 
latency and security concerns due to communication between services, as well as difficulty 
tracing errors when they occur, are some of the costs of this preferred architecture[3].  

These limitations leave a large gap applications may fall through where neither architecture, as 
they are defined, fully meets their needs. This thesis will investigate this gap, how companies 
design and implement their systems, and investigate how and why these architectures 
ultimately evolve. We will identify and present patterns of architectural decision making at 
various stages of a system’s lifecycle, i.e. as the system grows and matures. We also intend to 
investigate and identify variation on established architectural designs in order to identify 
potential hybrid architectures. Ultimately, we intend to discover how system architectures 
evolve, what drives these changes, and in what ways these designs do not conform to either 
monolithic or microservice designs. To achieve this, this paper intends to: 

● Define Monolithic and Microservice architecture designs from established academic 
sources. 

● Evaluate software architecture designs of large-scale, high trafficked, web-based 
systems based on their self-described architecture. 

● Determine where these designs differ from the established architectural designs defined 
below and identify patterns between these variations. 

● Identify inflection points that necessitate altering or transitioning a given architecture. 

As systems continue to scale, applying appropriate architectural designs becomes more 
necessary. Software architectures provide more than the basis for how a system will function. A 
system’s architecture informs how bounded contexts interact, how quickly the system can 
perform, and even how much it costs to maintain. Moreover, software architectures also inform 
the deployment and development of that system. Providing organizations with a means to more 
properly address the technical and administrative limitations of a system will result in better 
systems overall. 



2. Background 

2.1 Software Architecture 
As this analysis focuses on the relationships and intricacies of software systems and their 
architectures, it is important to begin with an understanding of what is meant by architecture in 
the realm of software engineering. Software architecture is used to describe an overall system, 
including its organization and structure, as well as communication, protocols, and data access 
of software elements[3]. This paper will not explore the vast intricacies that pertain to this 
description beyond how they apply to specific architectural designs; namely the aforementioned 
monolith and microservice. 

2.2 Monolithic Architecture 
Many describe systems with a monolithic architecture as legacy systems[7] This is due to the 
fact that prior to popularization of microservices, systems were typically developed as a 
monolith. That is, a single executable that includes multiple services[5] This is often contained 
within a singular codebase, though modular monoliths allow for multiple codebases. In the 
simplest terms, the distinguishing factor for a monolithic architecture is that the application is 
contained within a single deployable unit. In this paper, we will view this design as the traditional 
monolith. This intends to differentiate the general design, one that provides no inherent 
boundaries, to variations on the monolithic design, such as a modular monolith. 

The modular monolith design maintains this single deployable unit but consisting of separate 
modules. This creates stronger boundaries, allowing independent development that can be 
difficult with a traditional monolith. This design, however, is not able to inherently apply these 
same boundaries to the database design as well, which can create challenges[7]. 

2.2.1 Monolith Benefits 

A primary benefit of a monolithic architecture, and part of the reason why they continue to be 
used, is their simplicity. For instance, with all elements contained within a single deliverable, 
fewer considerations must be taken for the boundaries between services and how to 
communicate through those boundaries. This allows for organizations to develop and deploy 
their initial systems much quicker. Monoliths also require little additional overhead once 
deployed, such as hardware or network resources. Lastly, there is also a benefit in performance 
since services are able to communicate through function calls rather than over a network [7].  

2.2.2 Monolith Tradeoffs 
While many organizations found success in using a monolithic architecture initially –see Netflix, 
DoorDash, Uber, etc.– its limitations became more apparent as organizations grew and 
applications became more complex. Because the boundaries between services are much less 
defined, containing issues within a single service becomes more challenging. This could lead to 
the entire system being taken down, even due to relatively small bugs. As the system grows and 



becomes more complex, making changes becomes more difficult as well. Because elements 
are often tightly coupled, a change to one module may necessitate changes in others. 
Organizations also found difficulties with continuous deployment. Not only does the entire 
system need to be deployed each time, often all tests must be run with each deployment 
requiring significant time and resources.  
 
A similar issue is seen when scaling an application. In order to scale a monolithic application, 
there are two options: adding more resources to the current deployment, i.e. vertical scaling, or 
deploying a new node of the entire application, i.e. horizontally scaling. If an increased load is 
persistent, vertical scaling is appropriate. However, in practice systems are more likely to have 
to accommodate dynamic loads. This leads to systems needing to over allocate resources in 
order to ensure they can handle times of peak load. This is very similar to the issue monoliths 
face when scaling horizontally. Even if only a small subset of the application is consuming the 
majority of the resources, thus creating the need to scale, they must still be deployed with the 
entire application. Again, making optimization of scaling resources challenging. 
 
It should also be noted the difficulties that monoliths may create on an organizational level as 
well. To paraphrase Melvin Conway: the structure of a system mirrors the organization’s 
communication structure[6]. This observation, better known as Conway’s law, provides additional 
insight into why monoliths prove troublesome for organizations at scale. With the boundaries 
between services being loosely defined, the boundaries between teams can become similarly 
ambiguous. Organizations may have difficulties defining team responsibilities or the ownership 
of software elements due to the ambiguity inherent in traditional monolithic applications.  

2.3 Microservices Architecture 
As opposed to the monolithic architecture design, a microservice architecture employs multiple 
executables where each service is deployed independently. As described by Fowler and Lewis 
in their seminal article on the topic: 

“[T]he microservice architectural style is an approach to developing a single application as 
a suite of small services, each running in its own process and communicating with 
lightweight mechanisms, often an HTTP resource API. These services are built around 
business capabilities and independently deployable by fully automated deployment 
machinery.[5] 

This description, while somewhat broad, provides the baseline of how this architecture can be 
implemented. In general, this takes the form of a suite of loosely coupled, independent services 
which utilize external communications via the network. The exact boundary of what constitutes a 
microservice can be difficult to articulate, as there is not a quantifiable metric that would include 
or exclude this classification. A clarification by  Paulo Merson can help to address this 
ambiguity: for a microservice, “the deployment unit should contain only one service or just a few 
cohesive services.[2]” This creates two potential microservice boundaries, one that includes a 
single service and one that may provide a small number of services if they are inextricably 
cohesive. In other words, a microservice is the smallest unit possible to perform a given service. 



To enforce this definition, we will view the ability to further decompose a deployable unit as 
evidence against its classification as a microservice. 

2.3.1 Microservices Benefits 

Microservice designs address many of the tradeoffs of monoliths: independently scalable, 
strong service and team boundaries, fault isolation, and simplified continuous deployment and 
continuous integration (CI/CD). The most obvious benefits come from the independence of each 
service. With each service being separate from the others, they can be designed without 
consideration of other services beyond where they interact. This means freedom to use different 
techniques and technologies that may not be possible if the services were highly coupled. 
Teams also have greater flexibility to develop and evolve services independently. Deployment 
also becomes simpler as only necessary services must be tested and deployed. 
 
A major benefit, and one of the most touted, is in terms of scalability. With a microservice 
architecture, it is possible to deploy only the services that are in need of additional resources. 
This makes horizontal and dynamic scaling significantly easier. In addition, maintaining services 
when faults occur becomes more painless as faults can be isolated within the service where 
they occurred.  
 
Finally, microservices mirror a much more efficient team structure, again referencing Conway’s 
Law. With clear responsibilities between teams, each owning their respective service, teams 
can grow and develop independently from each other. This is particularly necessary as 
organizations grow and clear boundaries become increasingly necessary. 

2.3.2 Microservice Tradeoffs 
While the benefits seem clear compared to a monolithic design, microservices require a level of 
overhead that is not always warranted. With each service needing to be deployed 
independently, an additional level of initial resources is needed for the same application when 
compared to a monolith. Similarly, an added organizational complexity is required to maintain 
the team and organizational boundaries microservices incur. For smaller organizations, these 
boundaries may prove burdensome. This also applies to particularly large organizations as well. 
For Uber, they implemented Domain Oriented Microservices Architecture (DOMA) to maintain 
their microservices architecture but abstract the many individual service boundaries into larger 
domain boundaries[17].  
 
Maintaining data boundaries also becomes more cumbersome. For typical microservice 
designs, each service owns its own data, which can create inconsistencies between data stores 
or complicate inter-service transactions. Similar to the added organizational difficulties, 
accounting for additional data complexity requires  overcomplicates certain applications[1]. 
These data boundaries can also create added challenges for large systems as well, where data 
becomes highly distributed. This can necessitate interacting with multiple services to obtain 
certain information. Large-scale systems such as Netflix tackled this difficultly by implementing 
Hexagonal architecture, which abstracts the system’s logic from its data[8]. 



2.4 Hybrid Architectures 
A hybrid software architecture is a combination of characteristics from multiple architectural 
designs. i.e. it has aspects of a monolithic design and a microservice design. As a monolith is a 
system as a single unit, it definitionally does not conform to a distributed service-oriented design 
such as microservices. Because of this, we focused more on the characteristics of either design 
rather than a strict definition. For example, one of the characteristics of microservices is the 
strong team and service boundaries, coupled with the separation of domains around business 
capabilities. When applied to a monolith, this can aid in the development of a modular monolith 
described above. 
 
In terms of structure, there is a broad spectrum of how these two architectures could be 
combined. A monolith, which encompasses the majority of a systems, may deploy a small 
number of individual microservices for various reasons, such as scaling. For a microservices 
designed system, the need for shared data, for instance, may encourage the grouping of 
multiple services into a single unit. In general, what is expected in this paper in terms of a hybrid 
architecture is a combination of these structural elements as well as descriptive characteristics 
such as boundaries and processes.  

2.4 Defining Architectures 
To summarize the above, and provide a singular point of reference moving forward, below are 
the definitions that will be used in this paper for the architectural designs discussed: 

●  Monolithic Architecture: an application as a single deployable unit which 
encompasses all internal services of a given system. 

●  Microservices Architecture: an application as a suite of single deployable units, each 
being the smallest possible unit without the ability for further decomposition. 

● Hybrid Architecture: an application as a suite of distributed deployable units, where 
some units encompass multiple services that could reasonably be further decomposed. 

The distinction of how or why these services may be structured, e.g. around business 
capabilities, is intentionally absent from these definitions. This absence is due to the inability 
within this research to determine these boundaries, rather than the belief that these are optional 
characteristics. Another popular architectural design briefly mentioned in this paper is a 
serverless architecture. While these applications still run on servers, they abstract away the 
underlying architecture[9]. Serverless designs are most often seen as Functions as a Service 
(FaaS) which are trigger or event-based services. 

3. Methodology 

To obtain sources, we followed Kitchenham’s guidelines for performing systematic literature 
reviews in software engineering[[10] Because we are interested in the software architectures of 
systems currently deployed, we utilized a tailored version of the Kitchenham guidelines that 



expands the sources reviewed beyond traditional academic writings. Following these tailored 
guidelines, the planning and conducting of the review is detailed in the sections below. 

3.1 Review Planning 

In planning this review, we first identified and detailed the need for a review, then the review 
protocol was developed. The objective of this review was to determine the architectural designs 
of large software systems in order to determine how their architecture evolved, deviations from 
existing design patterns, and identify commonalities between these architectural decisions. The 
questions this review is aiming to address are: How are large-scale, web-based organizations 
describing the architecture of their systems? Why do organizations transition or alter their 
architecture? And what are the reasons, benefits, and consequences of these architectural 
decisions? 

To answer these questions, we identified sources that address architectural decisions via 
appropriate keywords / search terms. We particularly sought sources created by individuals 
within an organization that would have architectural knowledge of that system. This included 
technical blog posts, interviews, and lectures of software engineers / architects, focusing on 
those published by the organizations themselves. While technical blog posts and articles from 
third parties, such as Medium, were also identified, their architectural descriptions were 
considered unverified unless confirmed by the organization or employees of the organization. 
The keywords used include: software architecture, architecture, microservice(s), monolith(ic), 
hybrid, and legacy. 

3.2 Conducting the Review 

We began by searching for academic writings that discussed the software architectures of 
existing systems. We were particularly interested in existing research regarding variant or hybrid 
designs. This unfortunately did not yield usable results. Instead, we focused on large-scale 
companies that publish their own tech blogs / articles and searched using the keywords above. 
This included Amazon, Netflix, DoorDash, StackOverflow, Uber, Slack, Shopify, and Github, as 
well as their subsidiaries. These organizations were chosen because they are all web-based 
software companies with large-scale, high trafficked systems that publish technical blogs / 
papers. These sites were searched using the above keywords in order to identify articles 
addressing the organization’s software architecture. Other organizations, such as Google and X 
(formerly Twitter), were initially included in our efforts, but were not able to yield useful data for 
this research. While X has an engineering blog, at the time this research was conducted it did 
not have a search feature. The initial search of most recent publishing’s did not contain any 
architectural information. In contrast, many articles regarding software engineering were found 
when searching Google’s blog. With one exception discussed in the next section, these articles 
focused on software architectures for AI systems. While investigating how AI may change one’s 
approach towards software architecture, that is outside of the scope of this paper. 

After the initial search via these technical blogs, a similar search was conducted with various 
search engines (Google and Google Scholar) that attempted to find additional architectural 



information about companies specifically or software architectures overall. In searching for 
academic writings that discussed the software architectures of existing systems, we were 
particularly interested in existing research regarding variant or hybrid designs. This 
unfortunately did not yield usable results. Our general web search yielded articles or papers that 
did not provide primary sources for their claims. These results are noted below but generally 
deemed unverifiable. 

Lastly, after these traditional methods are used, a last round of searches via generative AI was 
attempted. The prompt posed to ChatGPT being: “Describe <Company’s> software architecture, 
(e.g. monolithic, microservices, serverless, hybrid, etc.) and provide the sources where this is 
discussed and verified.” While the architectural description the generative AI provided was 
evaluated, the sources provided were the primary deliverable. This method returned interesting 
results; while the majority of architecture descriptions produced by ChatGPT were either 
misrepresentations, drawn from dubious sources, or already captured in the previous round of 
research, it ultimately did provide valuable insights. When prompted regarding Github, Shopify, 
and Slack specifically, ChatGPT linked to sources regarding those companies’ architectures that 
was missed when searching their internal engineering blogs. These results will be discussed 
more below. 

3.3 Analysis Methods 

To initially filter sources, we began by reviewing the titles and descriptions of each article. Only 
articles that either discussed the software architecture of the system or an application / service, 
or the organization’s general approach to software architecture were selected. Examples of 
articles that were not selected were developer guides published by AWS on how to architect 
systems for use in their environment. We also filtered out articles describing the software 
architectural approaches for more niche systems, such as those built around AI workflows and 
agents. After these initial sources were captured, they were prioritized based on the following: 

● Publication date – articles published before 2014, the year Lewis and Fowler published 
their seminal article on microservices, will be discarded. Newer publications will be 
prioritized; however, it is understood that the architectural design of a system does not 
change frequently. 

● Publisher – only articles published by companies themselves were considered verifiable 
sources. Third-party articles, such as those published on Medium or InfoQ, were still 
considered in the analysis while acknowledging their uncertain veracity. 

● Author – as the claims in any article cannot be verified within this research, authors who 
are more senior, 5+ years of experience, that work more closely with the architecture 
(ideally software architects themselves) will be prioritized. 

Once the sources were selected, they were reviewed for their descriptions of the system’s 
architecture. This includes both how the architecture is explicitly described, e.g. as a 
microservice or monolith design, and the implied design. For example, if an application is 
explicitly described as a monolith, but the author also describes HTTP calls to a service internal 
to the system but external to the monolith, that would be identified as an example of the hybrid 



architecture sought in this paper. This review again filtered out articles that were not focused on 
architectural discussions or simply did not provide enough information. 

4. Results 

4.1 Overview 
Using the search methods detailed above, the following results were discovered. First, all 8 
companies that mention their initial architecture describe it as being a monolith. All these 
companies, except Slack, go on to detail a point where this initial monolithic architecture was no 
longer viable and needed to be re-architected. For Netflix, Uber, Twitch, StackOverflow and 
DoorDash this meant a migration towards microservices. Github and Shopify instead maintained 
a monolith while utilizing characteristics of a service-oriented design, discussed in more details 
below. Those that migrated towards microservices also detailed limitations with this design. 
Both Netflix and Uber detail different approaches towards microservices to aid with these 
issues: utilizing Hexagonal and Domain-Oriented Microservices Architecture (DOMA) 
respectively. In addition, more specific instances of architectural decisions were found that will 
be discussed below. One difficulty in this research was that much of the discussion around an 
application’s software architecture was either generalized or used to discuss a specific topic or 
approach such as an architectural transition. That being said, the following is further discussion 
of particularly notable results. 

4.1 Transition Architectures 
The clearest examples of hybrid / variant architectures in practice would be during the transition 
of a monolithic design to microservices, or vice versa. While it would be useful to evaluate the 
transitional designs that accompany a change in architecture, we are focused on intended end 
architectural states. That being said, there is evidence of some of these transitions lingering 
initial architectures. StackOverflow, for example, mentioned maintaining “microservice and 
legacy apps.”[[11]The reasoning for this is unclear, as is to what degree this mix of microservices 
and one or more monolithic services conforms to a hybrid architecture being sought here. 
Similarly, in an article published by SoundCloud discussing their Backend for Frontend (BFF) 
approach, a migration to microservices is mentioned alongside “effectively turning the monolith 
into another microservice.”[12]  

4.2 Case Studies 

4.2.1 Monoliths 
As mentioned previously, every stated initial architecture begin as a monolith. The vast majority 
of those have then transitioned to a microservice architecture after a certain point of growth. The 
following examples are particularly noteworthy as they reached the same, or similar, monolithic 
pain points yet chose to adapt their monolith rather than abandon it. 



4.2.1.1 Monolith: Slack 
Despite being a large-scale web application, Slack is one of the few organizations still 
implementing a monolithic design[13]. In their article, they detailed their approach to one of the 
significant limitations of the monolith: continuous deployments. In their article, Slack describes 
using “ReleaseBot,” a service they created that monitors the system and detects anomalies. 
This system is used to monitor deployments and catch issues more quickly than the release 
team had previously been able to. 

4.2.1.2 Modular Monolith: Shopify 
In an article published February 2019, Shopify details their journey through the limitations 
arising from their monolithic design[1]. The particular issues the article seeks to address are 
those inherent in a monolith’s lack of clear boundaries. As with many monoliths as they grow, 
this resulted in high coupling between code that handled different business processes[1]. While 
the author admits a migration towards microservices would solve the issues Shopify was looking 
to address, they provide a number of reasons why this was not the correct solution for their 
system. First being the added complexity inherent in microservices. If implemented, Shopify 
would then need to maintain multiple different test and deployment pipelines as well as the 
additional infrastructural overhead of each service. They were also concerned for the increased 
latency and decreased reliability that would be needed due to services now communicating 
across the network. Lastly, they acknowledge the added difficulties in performing large refactors 
across multiple services. Thus, the result was a migration towards a modular monolith instead, 
which imposed the boundaries needed without the added complexity they sought to avoid. 

4.2.1.3 Service Oriented Monolith: Github 
Similar to Shopify, Github’s system runs on a large Ruby on Rails monolith. Beyond what has 
been discussed above, what is worth noting in regards to Github’s architecture is the adoption of 
Service Oriented design principles within their monolithic application; or, as the article 
describing this change states, a “hybrid monolith/services architecture,”[14] which will be 
discussed more later. That being said, Github’s approach to a monolithic architecture is unique 
as it applies a service-oriented approach to a monolithic architecture. The issues Github aimed 
to address with this approach had less to do with the application itself and more to do with the 
organization. As the article states, the previous organizational structure of using codeowners did 
not “quite express how we work,”[14] making the need for service boundaries more apparent. 

4.2.2 Monolith to Microservices 
4.2.2.1 Monolith to Microservices: Uber and DoorDash 
Both Uber and DoorDash were among the many organizations to transition their software 
architecture from their original monolith to microservices. Uber’s reasoning was “ to follow the 
lead of other hyper-growth companies,”[15] implying the transition was initiated due to a desire for 
growth rather than a necessity due to growth. This is opposed to DoorDash’s transition which 
was necessitated by their growth. While DoorDash was experiencing issues stemming from 
their monolithic architecture already, the COVID-19 pandemic compounded these issues with a 
significant increase in the volume of orders they received. For both organizations, the ability to 



reach the desired volume of customers, as well as avoid the operational hurdles faced by large 
organizations, made the transition to microservices was seen as necessary. 
While both organizations appear to have benefited from this transition, they have also been 
critical of microservices as well. In a blog post published 5 years after their transition, Uber 
introduced what they call a “domain-oriented microservice architecture.” In this article, the 
author describes issues the company has faced with both architectures. For instance, previously 
“the monolithic architecture tied the fate of teams together and made it difficult to operate 
independently.”[17] However, now “[w]ith a microservice architecture one trades a single 
monolithic code base for black boxes whose functionality can change at any time and easily 
cause unexpected behavior;” explaining: “engineers [have] to work through around 50 services 
across 12 different teams in order to investigate the root cause of the problem.”[17]  

4.2.2.1 Special Consideration: Netflix 
In a 2020 article posted to their NetflixTechBlog, detailing the Android team’s effort to migrate 
the API backend monolith into a new microservice. This backend was described as “essentially 
[a] serverless model in a monolith.”[17] While not fully described, it is assumed that this 
application must have been contained within a single serverless function. Essentially being a 
service as a single deployable unit, deployed as a serverless function call. The authors detailed 
the process and results of migrating this “monolith” into a new microservice. This involved 
migrating ~170 route handlers for their respective query paths. Based on the article, this self-
described monolith was migrated into a single microservice after a year of effort.  

4.2.3 Microservices to Monolith: Amazon Prime Video and Istio (Google, IBM, and Lyft) 
The previous examples of architectural transitions, from a monolith to microservices, have been 
well documented to the point where books have been published detailing best practices. What is 
less commonly written about is the reverse. What both of these examples have in common is 
they were designed to take advantage of the benefits microservices provide, and early on found 
these benefits lacking in practice. For Amazon Prime Video, their audio/video monitoring service 
originally utilized AWS Lambda functions, a form of serverless architecture, as well as 
microservices. They discovered that when scaling this application, bottlenecks emerged and 
costs began to rise. Because of this, the microservices and step functions were consolidated 
into a single serve monolithic service. According to the article, this reduced costs by 90%[18]. 
 
Istio provides a very different example, but one worth noting. This application, which provided “a 
uniform way to connect, secure, manage, and monitor cloud-native applications deployed in 
Kubernetes”[19] was built with the intention of gaining the benefits of a microservice architecture. 
However, “[a]s Istio adoption increased and the team got feedback from customers, they 
realized that many of the benefits typically associated with microservices, that is, independent 
rollout, independent scale, and security isolation, did not apply.”[19] Instead of a distributed 
deployment of Istio services, as befit the design of the application, customers had a single team 
or even a single individual managing it. This resulted in not only customers receiving the 
increased operational complexity inherent in microservices without gaining the design’s benefits. 



4.3 Unverifiable Sources 
A difficulty mentioned earlier in this paper is the limited public knowledge of a system’s software 
architecture. Much has been said regarding different large-scale applications, such as those 
mentioned above, but the specificity that would be ideal for research such as this is sparse. That 
being said, there are a number of sources that claim companies, such as Netflix[20], PayPal, and 
SoundCloud[21] utilize both microservices and monolithic services. Unfortunately, these sources 
are personal blogs that do not cite where this information was obtained, making the veracity of 
their claims suspect. Due to the constraints of this research, verifying this information has not 
been possible; therefore, further research will be required. 
 
With this caveat, it is still worth investigating these claims. Though Netflix was discussed above, 
a Medium article titled, How Netflix Accidentally Proved Monoliths Scale Better Than 
Microservices, goes further to claim the company uses multiple monoliths alongside their 
microservices. This includes their recommendation engines and billing services. According to 
the article, these services utilize a monolithic approach as a means to improve performance. 
The ultimate claim of the article being microservices address organization bottlenecks while 
monoliths address application bottlenecks. No further details regarding these alleged monoliths 
were provided. 
 
Another article from Medium, published in 2023, which focuses on building hybrid architectures, 
claims both PayPay and SoundCloud to be real life examples. Both systems allegedly 
integrated microservices into their monolithic architecture. The article claims that SoundCloud 
targeted services that would explicitly benefit from the scalability and flexibility provided by 
microservices[21]. There is some evidence, as mentioned previously, of SoundCloud’s hybrid 
architecture, but not to the degree being claimed in the article. PayPal, on the other hand, 
supposedly chose this approach to address organizational limitations, potentially as a means to 
incrementally migrate towards microservices altogether.  
 
It should be noted that these claims were investigated without result. Evidence regarding 
SoundCloud has already been mentioned, but investigating PayPal was less fruitful. Both 
PayPal and SoundCloud host engineering blogs, though PayPal’s is hosted through Medium. 
No information was found when investigating PayPal while SoundCloud has articles detailing 
their transition from a monolith to microservices. Attempts to utilize ChatGPT resulted in claims 
of both companies using a microservice architecture with the linked sources returning 404 
errors. 

4.4 Explicit or Implied Hybrid Architectures 
Two of the case studies detailed above, Netflix and Amazon Prime Video, provide evidence of a 
hybrid software architecture that will be discussed more in the next section. Similarly, the 
migration by SoundCloud, mentioned previously, indicates at least a temporary hybrid 
approach. Lastly, in an interview in 2020 by The Register, the VP of Software Engineering at 
Github, Sha Ma, discusses the company’s intention to migrate towards microservices[22]. This 
interview is unique compared to other migrations mentioned, as Ma explicitly states the intention 



for a hybrid environment. However, the articles mentioned above detailing GitHub’s monolithic 
architecture were written after this interview, and do not mention microservices. Further 
investigation into GitHub’s apparent hybrid architecture is recommended. 

5. Discussion 
While this research was conducted at a level of opacity that makes explicit conclusions difficult, 
there are a number of findings that are still quite clear. To begin, all of the sources that 
mentioned the initial design of their system described it as a monolith. This is to be expected as 
monoliths are much quicker and simpler to initially develop than microservices. According to 
Martin Fowler, in his article Monolith First, “[a]lmost all the successful microservice stories have 
started with a monolith that got too big and was broken up.”[23] These same systems reached a 
point where this initial monolith was no longer appropriate in its current state. Lastly, many of 
the organizations that detailed this need to evolve from their initial monolith similarly captures 
limitations of the microservice design. 

5.1 Architectural Discussion 

5.1.1 Monoliths 
A common pattern here, already mentioned, is applications being built first as a monolith. When 
organizations are small, with a limited number of teams whose members may contribute to 
multiple services, the lack of clear boundaries can be an advantage. However, one clear result 
of this research is the eventual need for these boundaries. It appears this need is derived as 
much, if not more, from the complications of a growing organization as it is from a growing 
application, though the two are intrinsically linked. As stated by Uber, “organizations adopt 
microservices for an operational benefit at the expense of performance.”[17] Similar sentiments 
were discussed by other organizations, such as Shopify, though less directly. 
 
Monoliths were also observed to be adaptable for different systems. For example, Slack 
demonstrated that CI/CD limitations of a monolith can be overcome. Modular monoliths also 
allow systems to maintain the benefits of a monolith while imposing needed boundaries. Github 
separately demonstrated how boundaries can be created in a monolith, outside of the 
architectural design itself. All these examples indicate flexibility in how the architecture of a 
system may evolve while maintaining much of the original design. 

5.1.2 Microservices 
The adoption of microservices provides a less concrete, but equally notable, contrast to the 
initial monolithic designs. There appears to be a general push towards this design pattern to 
address the issues caused by the monolith. However, this change is not universal. Shopify 
explicitly considers this migration and rejects it. Github also seems to prefer an, at least partial, 
monolithic design. And even with those that migrated, multiple organizations discussed issues 
regarding the use of microservices. Uber, DoorDash, and Istio referred to the additional 
complexity inherent in a microservice design. Istio and Amazon Prime Video provide an 



example where an application is unable to gain the benefits of this additional complexity. 
Beyond these issues, the discussions around microservices, particularly why microservices are 
utilized, was also notable. As described by Uber, a primary benefit of employing this architecture 
is operational scaling, i.e. the ability to manage hundreds to thousands of developers working 
on a single system.[17]  
 
Uber also cautioned against “premature adoption of a microservice architecture.”[17] Beyond the 
added infrastructure costs and system complexity, organizational complexity increased as well. 
In Uber’s experience, developing even simple features could necessitate collaboration between 
multiple teams, with the added time and expense necessary for such collaboration. They 
warned “[f]or organizations that have already adopted a microservice architecture there is no 
turning back.”[17] While their criticisms and experiences are beneficial for this analysis, it is also 
important to acknowledge that they are not advocating against this architecture. On the 
contrary, the article where this is discussed proposes what Uber refers to as a Domain-Oriented 
Microservices Architecture, or DOMA.  
 
These discussions around the limitations of microservices are notable, not as a means to 
advocate against their use, but to contrast their uses in practice against the discussions around 
them generally. As an example, a common phrase used when discussing the use of 
microservices is “modernizing.” This is contrasted with the common description of monolithic 
services as “legacy.” The discussions above show neither architecture is quite so binary. 

5.1.3 Hybrid Architectures 
Based on the results discovered, there are a number of architectures that could be considered 
“hybrid.” First, the example of Netflix’s API backend. As described by the company, this is an 
example of a monolith being transitioned to a microservice. However, the monolith in question 
was a “serverless monolith,” which is not necessarily the same as a traditional monolith. It is 
unclear the degree to which this service conforms to what is meant in this paper by the term 
monolith. The article also details the transition of this “monolith” into a single microservice. If it 
were a monolith, this would then suggest a monolithic service which would imply an overall 
hybrid architecture. The evidence for or against this interpretation does not exist in the article, 
making its use as proof of a hybrid architecture suspect.  
 
The example provided by Amazon Prime Video is more clear. Here, a service that had 
previously been decomposed into different microservices, being then transitioned to a single 
monolithic service. Though, these microservices were serverless function calls, which leads to a 
similar issue posed by the Netflix example. Where this does deserve more consideration, 
however, is the fact that this end service was able to be decomposed further. Based on the 
definition of hybrid detailed earlier in this paper, this can be seen as evidence against the end 
service being considered a true microservice. 
 
Github provides the most explicit example of an organization consciously employing a monolith 
with microservices. Similar to other organizations, this appears to have been at least initiated as 
a migration towards microservices; but, unlike others, the explicit goal is not simply a monolith 



replacement. This is useful context, particularly since later articles published by Github only 
mention their monolithic design. This indicates circumstances where it is preferred to maintain a 
monolith while employing specific services external to it. 

5.1.4 Transitional Architectures 
Something that was not captured in this research, though implied, is how transitional 
architectures necessitate a custom design. This results in varying hybrid architectures that 
evolve as the transition progresses. The stages of this evolution, as well as what leads to the 
different microservice / monolith / hybrid variations is of particular interest for future research. 
We believe these transitional designs can provide further insight into both potential hybrid 
architectural patterns, but also elucidate how architectural designs address problems at different 
states. 

5.2 Interpretation of Results 
These results show an evolution of architectures and architectural needs as a system evolves. 
As already stated, systems typically begin with a monolithic approach. This allows them to grow 
and scale more quickly and without needing to navigate around boundaries in the process. 
Then, these applications require a rearchitecture away from a traditional monolith. As the cause 
of this need is largely organizational, these issues can be preempted. Following the approaches 
detailed by Shopify, Uber, and Github, a service / domain oriented approach can be used. That 
would mean identifying the bounded contexts of an application and designing around them. This 
should not only be done early but also revisited periodically to capture organizational and 
system changes. By doing so, this would provide implicit boundaries and inform how the 
application is structured as it grows and evolves. 

5.2.1 Observations and Suggestions 
The primary observation of this research is how the structure of a software architecture affects 
the system itself. This can be seen in the limitations that organizations experience for each 
architecture and when / how these limitations present themselves. Smaller organizations, 
particularly ones that are relatively new, need to easily traverse between boundaries since the 
employees themselves often work between boundaries. As organizations grow, the need for 
structure becomes more necessary. The transitions observed in this research, away from the 
initial monolith, seek a means to provide this structure. While boundaries can be added to a 
traditional monolith, we believe that because they are not inherent to the design these are 
ultimately weak boundaries. This is why the architectures that organizations transitioned to all 
have clear boundaries built into their design. Both microservices and modular monoliths 
necessitate boundaries, which allow the organizational structure to more closely mirror the 
system’s design. However, we believe the issues seen in particularly large organizations, 
namely Netflix and Uber, are due to these strict boundaries inherent in microservices. Uber 
found difficulties navigating domain level changes that affected multiple microservices, whereas 
Netflix found difficulties navigating the data boundaries of their microservices. Both of these 
issues arose from the design of a microservice architecture, being loosely coupled with strict 
service and data boundaries. What this suggests is twofold: (i) there is a limit to where a 



traditional microservices design provides benefits, and (ii) there is an architectural design gap 
where these limitations for particularly large systems are inherently addressed as a part of the 
design. 
 
Since the traditional monolith does not provide the structure that is required to facilitate a certain 
level of scale, evolution becomes inevitable. While a transition to microservices is currently the 
most popular evolution, it is not necessarily the most appropriate. A modular monolith, “hybrid 
monolith/services architecture” as implemented by Github, or an overall hybrid architecture all 
address the limitations of the traditional monolith in their own ways. Which architecture to use 
and when depends heavily on both the system and organization. These results show us that a 
level of organizational and operational scale is necessary before a microservice architecture is 
appropriate, which may result in a system reaching the limitations of their initial monolith but not 
be at a scale yet where microservices are the most appropriate option. 
 
We find the solution presented by Uber to be of particular interest. Because of its ability to 
address the challenges of microservices at a large scale, we believe an abstraction of their 
DOMA approach could be utilized at various stages of an application. If a system is broken into 
appropriate domains, which are agnostic to each other, these domains can be designed as a 
collection of microservices, a single monolith providing multiple services, or a combination of the 
two. A benefit of this approach is that if smaller organizations that are not in a place where 
microservices are appropriate utilize a domain-oriented approach, they will be more prepared 
for a transition. A limitation to this approach is that it is not tied to the architectural design itself, 
which can limit its impact. We recommend research into this approach as well as the long-term 
effects of DOMA at Uber. 

5.2 Research Limitation 
There are two potential issues with the argument above. The first is the lack of explicit evidence. 
While a single application was found to use two monolithic services, that does not provide 
enough information to build an architectural design. And while it is likely this is more common, 
organizations have not been forthright with details of their architectural designs. Ultimately, little 
can be said conclusively about architectures in practice without direct insight into these 
organizations and their systems. 
 
The second issue with this analysis is the limited view on software architectures. It could be 
argued that what is trying to be elucidated here is a Service Oriented Architecture, or SOA. 
While arguably true, this position only focuses on the high level view rather than the 
architectural design itself. For instance, microservices themselves are part of SOA rather than a 
separate architectural category. Similarly, there are many who may argue any design that 
utilizes multiple deployable units is a microservice architecture. While more details as to why 
this is incorrect has already been discussed, it is worth noting how the lack of an agreed upon 
definition for a microservice makes nuanced discussions such as this one more difficult. 



5.3 Qualifiers 
This research focuses on large-scale applications, which include both high traffic as well as a 
large organizational structure. Systems that do not receive a high volume of traffic are likely not 
going to benefit from a microservice architecture. Similarly, microservices benefit organizations 
where service and team boundaries need to be reinforced. While it is important to identify where 
microservices may not be the right fit, even for smaller applications, this paper intends to use 
those examples to further identify limitations of this design.  
 
However, despite this research taking a generalized approach, there are threats to the validity of 
its conclusions that must be addressed. First is the acknowledgement that all architectural 
designs have benefits and drawbacks. Simply because an organization, or multiple 
organizations, adopt or transition to a certain design, that both does not explicitly indicate this 
was the right decision, nor does it confirm that the resulting design is appropriate for any other 
system. All systems are unique and it is not the intent of this thesis to advocate for a “one size 
fits all” approach. For instance, a relatively simple system from a small organization may not 
receive the operational or organizational benefits of microservices. Additionally, Uber provides 
an example where the size of an organization necessitates special considerations many 
systems will never need to account for. Lastly, the limited results make providing any definitive 
conclusions difficult.  

5.4 Impact and Next Steps 
The ultimate goal of this research is to encourage additional consideration on architectural 
designs. It is the opinion of the authors that the evidence presented warrants a more critical look 
at the traditional microservice design, when to apply it, and how it may be altered. Utilizing the 
suggestions above will also provide organizations with a starting point that is more prepared for 
utilizing traditional microservices when the application and organization necessitate that design. 
This research demonstrates the clear gap in the available software architectural designs. This is 
caused both by the ambiguity of what constitutes a microservice as well as the lack of research 
on a mixed approach SOA that benefits from both monoliths and microservices. With a more 
critical approach towards architectural designs, organizations may be better suited to address 
both organizational and operational limitations. 
With the results this research was able to glean from high level research, it is clear that a more 
detailed study is necessary. Not only may future research identify more accurately how system 
architectures differ in practice from their general descriptions, it could also provide more 
information on the reasoning behind architectural decisions. A question this research brings to 
light is: what degree are microservices a solution to application scaling versus organizational 
scaling. If it is primarily the latter, as Uber suggested[17], are there solutions that address large 
operational scale issues without incurring the added complexity inherent in microservices? 
Identifying both what issues organizations face as well as how they approach solutions can 
provide guidance on the future evolution of software architecture. 



6. Conclusion 

This paper intended to identify the gaps in software architectural designs and how those gaps 
are addressed in practice. This focused on the two main architectural designs, microservices 
and a monolith. Understanding these two designs account for polar opposite approaches –to 
oversimplify, deploying a suite of small units or a single large unit– we intended to show 
systems in practice implement a combination of these approaches. This was done through a 
tailored systematic literature review that focused on technical writings by the organizations 
themselves. We discovered various architectural descriptions, as well as patterns driving 
architectural changes. We found organizational growth to be the driving force in both 
architectural pain points and necessary transitions. We showed how organizations adapted 
monoliths or transitioned to microservices to overcome these pain points. Lastly, we discovered 
a limit to the benefits of microservices once a certain organizational scale is reached. We 
suggested a generalized architectural lifecycle, and recommended preempting boundary issues 
early with a domain / service oriented approach.  
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Abstract 
  

Technical debt describes design and implementation choices that accelerate delivery in the short 

term but increase the future cost and risk of change. Prior work has clarified the concept of 

technical debt and documented its impact on maintainability, risk, and delivery outcomes. 

However, most existing approaches are not designed to run inside time-boxed agile ceremonies, 

and they rarely produce a small, repeatable decision aid that teams can use during routine backlog 

refinement to make technical debt decisions visible and defensible alongside feature work. This 

thesis addresses that ceremony-time gap by designing and evaluating a lightweight rubric for 

prioritizing technical debt in agile backlog refinement. 

In the rubric round, three technical debt items moved into the top five positions, replacing feature 

work that had dominated the control round. Inter-rater agreement on item rankings increased from 

0.44 to 0.76. Survey responses indicated that participants found the criteria clear, the resulting 

ranking defensible, and the decision trace useful, and they expressed willingness to adopt the 

method in future refinement. 

The study provides insight into how a ceremony-fit rubric can help agile teams make technical 

debt more visible, improve agreement about priorities, and leave a brief, auditable decision trail 

that better supports communication with stakeholders. 
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I. Introduction 
Technical debt (TD) describes design or implementation choices that speed delivery now but create 
a technical context in which future changes become more costly or risky. TD spans code, tests, 
documentation, and architecture, and is commonly framed in terms of principal (remediation cost) 
and interest (added cost/risk while deferred) [1], [2]. In industry, planning and management 
pressures, tight schedules, shifting priorities, and competitive dynamics frequently drive TD 
creation, and large practitioner studies report uneven, ad-hoc management despite high perceived 
impact on outcomes [3]. 

Despite extensive work on TD at multiple levels, prioritization remains fragmented. A systematic 
review of 44 studies reports limited consensus and thin empirical validation of methods/tools, with 
few approaches described in a way that teams could apply directly inside time-boxed agile 
ceremonies [4]. Industrial evidence shows that bringing a business perspective to TD decisions 
can improve alignment, but approaches often assume tools, setup, or time budgets teams do not 
have during refinement [5]. The recurring gap is the absence of a repeatable, ceremony-fit decision 
aid that yields a brief, auditable decision trace teams can defend to stakeholders. 

This thesis addresses that ceremony-time problem. We propose a lightweight, ceremony-fit rubric 
for TD prioritization designed to run in ~15-30 minutes during backlog refinement: 

● Ceremony-fit: Runnable inside standard Scrum/Kanban rituals without special tools or 
long training, producing a one-page decision trace (scores, rank, one-line rationale). 

● Rubric: A 1-5 scale for five criteria where each point has a behaviorally specific descriptor 
to calibrate rater interpretation and improve repeatability (e.g., Risk=5: likely severe 
incident if deferred). 

The rubric operationalizes five decision dimensions widely surfaced in research and practice: 
Risk/Safety impact, Architectural/Maintainability impact, Cost of delay / interest growth, Effort 
band (S/M/L aligned to the team’s scale), and Customer/Operational impact. Consolidating factors 
reported in the SLR and practitioner studies into a single ceremony-ready instrument [4], [3], [1], 
[2]. A simple composite (equal weights by default with interest as a tie-break) produces a rank-
ordered TD list with brief rationales suitable for stakeholder review. 

TD is often cross-cutting and partially invisible, with interest growth over time and story-by-story 
scoring underweights systemic risk and long-run cost. Prior work explicitly cautions against 
treating TD like ordinary feature tickets and urges explicit visibility and valuation mechanisms 
[1], [2]. 
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The scope of this thesis will focus on team-level agile (Scrum/Kanban) and backlog-sized TD 
items (code/tests/docs/sliceable architecture) that can be scheduled within or across 1 sprint and 
not multi-quarter platform initiatives. 

We empirically evaluate the rubric against status-quo practice in a single-sprint pilot with real 
teams to answer the following research questions: 

● RQ1: Do participants report higher clarity, defensibility, and alignment of outcomes 
when using the rubric? 

We will answer this question by conducting a short post-session Likert survey (clarity, 
defensibility, alignment, adoption likelihood) and summarize means, internal consistency, 
and include one-line rationales from the decision trace. 

● RQ2: Can teams apply the rubric within ceremony time constraints without 
unacceptable overhead? 

We will answer this question by recording the time per item/round and include a survey 
item on time acceptability. 

Our contributions are: 

1. A minimal, ceremony-fit TD prioritization rubric and a one-page decision trace. 

2. An industrial-context pilot comparing agreement, perceived decision quality, and time 
burden with vs. without the rubric 

II. Background 
2.1 Technical Debt: Definition and Properties 

Technical debt (TD) in this thesis refers to shortfalls in internal quality across code, tests, 
documentation, and architecture that increase the future cost or risk of change. The metaphor was 
first introduced by Cunningham in the early 1990s to describe how taking design shortcuts is like 
taking on financial debt, with ongoing interest in the form of extra effort until the code is refactored 
[6]. The literature commonly characterizes TD using the economic notions of principal, which is 
the effort required to remediate, and interest, the incremental cost or risk that accrues while 
remediation is deferred; visibility and accretion are treated as important properties that influence 
how TD is noticed and grows over time [1], [2]. This definition intentionally spans operational and 
architectural concerns because industrial studies report that teams experience TD both as near-
term friction (e.g., incidents, support tickets) and as longer-horizon maintainability constraints [3]. 
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2.2 Agile Ceremonies 

In most agile teams, decisions about what work to do next are concentrated in a small set of 
recurring ceremonies. Backlog refinement and sprint planning are typically time-boxed meetings 
where engineers, tech leads, and product owners clarify requirements, estimate effort, and 
negotiate the scope and ordering of work for upcoming sprints. The primary focus in these sessions 
is to align delivery commitments with product goals and capacity. 

Within this setting, technical debt is often introduced as just another backlog item that competes 
with features and bugs. This framing can be misleading because many TD items are cross-cutting 
or partly invisible, and because interest growth means the cost of deferral may rise in ways that 
ordinary feature triage underestimates [1], [2]. Practitioner evidence reinforces this distinction: 
teams frequently report architectural and operational pain from sustained deferral and inconsistent 
prioritization, even when everyone acknowledges that debt exists [3]. These ceremonies are 
therefore the practical decision surface for TD, but they rarely provide explicit structure for 
reasoning about risk, maintainability, and cost of delay alongside feature work. 

2.3 Decision Framework and Rubric Terminology 

This thesis uses the term decision framework in its standard sense: a structured, multi-criteria 
procedure that helps a group evaluate options and produce an auditable outcome (e.g., a rank with 
brief rationale). Specifically, we employ a defined rubric, meaning each criterion is scored on a 
small ordinal scale where every scale point is described behaviorally to calibrate rater 
interpretation and support repeatability during live ceremonies. The rubric’s output is a concise 
decision trace: criterion scores, an overall rank, and a one-line rationale for each selected item, 
designed to be readable by both engineering and product stakeholders. 

III. Related Work 
3.1 How technical debt is treated today and why that is inadequate 

Technical debt has moved from a metaphor to an operational concept. Core papers frame debt in 
terms of principal and interest and highlight properties like visibility and accretion that influence 
how debt is noticed and how it grows over time. The guidance is to make debt visible so it can be 
considered in system level decisions and to reason about how deferral adds cost and risk over time 
[2] [1] [12]. In practice, large practitioner studies report that architectural decisions are a primary 
source of debt and that existing tools rarely help with day to day prioritization. Teams feel the pain 
but management awareness and usable support are uneven. Planning pressure and shifting 
priorities are frequent drivers. Effects include delivery delays, lower maintainability, and 
operational friction [3]. This body of work explains what TD is and how it shows up, but it does 
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not give teams a small repeatable way to prioritize during ceremony time. Teams often revert to 
local heuristics or ad hoc debates that do not leave a clear trace. 

3.2 What has been proposed to aid TD management 

Prior work falls into two main streams for prioritization. First, factor catalogs and systematic 
reviews collect strategies, processes, factors, and tools. The JSS review of 44 studies concludes 
that the area is preliminary and lacks validated tools. It reports little consensus on which factors 
matter most or how to operationalize them inside regular development work [4]. Second, business 
driven approaches link debt items to IT assets and value sources and report better alignment when 
decisions are framed in business terms. In one multi month deployment, the Tracy and TDM 
approach showed a downward trend in high priority debt and surfaced business factors that shaped 
decisions [5]. These cases show that structure can move teams beyond unstructured debate, but 
they often assume extra tooling and facilitation that are not easy to fit into a 15 to 30 minute 
refinement window [5]. 

3.3 Remaining gaps and positioning of this thesis 

Taken together, the field explains what to consider and shows that business framing can help. In 
day-to-day practice, agile teams already use simple decision rules or matrices for user stories to 
decide what fits into a sprint during backlog refinement. What remains inadequate is an equally 
practical decision rule for technical debt that fits inside the same ceremony and consistently 
produces a rank and a one-page decision trace that engineers and product partners can defend after 
the meeting. Reviews are explicit that validated tools and consensus are scarce [4]. Many industrial 
frameworks assume canvases and support systems that are hard to run inside routine ceremonies 
[5]. Reporting on inter-rater agreement and on the transparency of the decision trail is uncommon. 
This thesis targets that ceremony-time gap. The next section describes the rubric design and the 
pilot used to evaluate clarity, defensibility, agreement, and time burden. 

3.4 Derivation of the five criteria used later 

The five criteria consolidate dimensions that recur across reviews and practitioner reports rather 
than coming from a single source. Risk and safety impact reflects emphasis on architectural risk 
and incident likelihood in surveys and architecture-focused discussions [3] [2]. Architectural and 
maintainability impact sits at the center of TD definitions and appears throughout practitioner 
evidence [2] [1] [3]. Cost of delay and interest growth follows from the economic framing and the 
factor maps reported in the review [2] [4]. Effort band represents principal and is present in nearly 
every prioritization account [4] [1]. Customer and operational impact is supported by studies that 
link debt to delays, bugs, and operational friction [4] [3]. 

No individual work proposes exactly this five-factor set, but across these studies there is consistent 
overlap in the families of concerns they highlight: risk, maintainability, time/value impact, effort, 
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and user or operational consequences. The rubric later in this thesis makes these recurring families 
explicit by mapping them onto short behavioral scales that can be applied consistently during a 
live meeting. 

IV. Rubric Design 
4.1 Design of the Rubric Artifact 

The rubric was designed as a small, ceremony-fit decision aid that could be applied in 15–30 
minutes during backlog refinement without additional tooling or lengthy training. The choice of 
criteria reflects dimensions repeatedly surfaced in prior research and practitioner reports: 
Risk/Safety impact, Architectural/Maintainability impact, Cost of delay/interest growth, Effort 
(principal), and Customer/Operational impact [4], [3], [1], [2]. As discussed in Related Work, these 
dimensions do not come from a single source; rather, they consolidate recurring “families” of 
concerns across systematic reviews, industrial case studies, and survey results. 

The design process followed three filters. First, candidate dimensions had to appear with some 
consistency across the literature (e.g., economic framing of principal and interest, risk and 
maintainability concerns, customer-facing impact). Second, they had to match how practitioners 
in the target organization already talked about technical debt in interviews and informal 
discussions (e.g., “risk to patients,” “how hard this is to change,” “how much it slows us down”). 
Third, each dimension had to be rateable quickly in a live meeting using information the team 
already had at hand, without requiring specialized measurement tools. 

Given these constraints, the rubric uses five criteria, each scored on a 1–5 ordinal scale with 
behaviorally specific descriptors at key points. Scores are combined into a simple composite using 
equal weights by default, with Cost of Delay/Interest used as a tie-breaker to keep time effects 
visible. The intention is not to claim a theoretically optimal weighting scheme, but to provide a 
transparent, repeatable decision rule that teams can apply within existing refinement timeboxes 
and explain to stakeholders after the meeting. 

4.2 Rubric Descriptors 

Each backlog item is rated independently by participants on the five criteria below using a 1–5 
scale. The descriptors at levels 1, 3, and 5 anchor the scale; values 2 and 4 are used when an item 
clearly falls between those anchors. 
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4.2.1 Risk / Safety impact 

● 1 – No user-visible risk; issues are purely internal and unlikely to affect users or safety in 
the current release. 
 

● 3 – Possible moderate incidents or user-facing errors if the item is deferred (e.g., 
incorrect data in non-critical views, recoverable workflow issues). 
 

● 5 – Likely severe incidents or safety-relevant failures if the item continues to be deferred. 

4.2.2 Architectural / Maintainability impact 

● 1 – Local or isolated impact; changes are confined to a small, well-bounded area of the 
codebase. 
 

● 3 – Cross-module complexity; the item touches multiple components and makes 
evolution noticeably harder. 
 

● 5 – Systemic hotspot that blocks or significantly complicates broader change, refactoring, 
or evolution. 

4.2.3 Cost of Delay / Interest growth 

● 1 – Effect of deferral is essentially flat; delaying the work is not expected to meaningfully 
increase future effort or risk. 
 

● 3 – Approximately linear growth in cost or risk as the item is deferred (e.g., incremental 
rework or friction over time). 
 

● 5 – Accelerating rework or risk if deferred; cost grows faster than linearly as more 
features and dependencies accumulate around the debt. 

4.2.4 Effort (principal) 

● 1 – Small (S): roughly 0–0.5 day of work for one engineer. 
 

● 3 – Medium (M): roughly 2–3 days of work. 
 

● 5 – Large (L): roughly 3–5 weeks of work, spanning multiple sprints or significant 
coordination. 
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4.2.5 Customer / Operational impact 

● 1 – Internal only; effects are limited to engineering workflows or internal tooling, with no 
direct user or operational impact. 
 

● 3 – Occasional user friction or operational inconvenience (e.g., extra manual steps, 
sporadic confusion). 
 

● 5 – Frequent user-facing problems or operational tickets at risk (e.g., recurring support 
cases, regular workarounds required). 
 

These behaviorally anchored descriptors are intended to reduce interpretation drift across 
participants and sessions. They give teams a shared vocabulary for scoring items quickly while 
still leaving room for context-specific judgment in the middle of the scale. 

V. Methods 

5.1 Research Design & Justification 

We evaluate a lightweight rubric for technical debt prioritization using a within-team comparison 
during normal backlog refinement. Each team completes two short rounds on the same set of 
backlog items, one with the team’s typical ad hoc approach and one with the rubric. This design 
isolates the contribution of the rubric inside real Scrum or Kanban constraints where time is tight 
and multiple stakeholders are present. The warrant is that if the rubric reduces ambiguity in how 
participants interpret risk, maintainability, and cost of delay, then inter rater agreement should 
increase and the decision trace should be clearer without exceeding ceremony time. The backing 
is the design science view that artifacts should be evaluated for utility and quality in their 
environment and the empirical software engineering guidance to use clear instruments, repeatable 
procedures, and transparent reporting [7] [8] [9] [10] [11]. The primary outcome is inter rater 
agreement on item ranks, and secondary outcomes are perceived clarity, defensibility, alignment, 
and time burden. 

5.2 Setting and Participants / Systems 

This study was conducted as a single-team pilot with a product team at a large biotechnology 
company. The team owns an internal planning tool for clinical trials, implemented as a greenfield 
web application built with Angular, TypeScript, Next.js, Python, and Postgres and deployed on 
AWS. The team follows Scrum with two-week sprints, and backlog refinement normally occupies 
a one-hour timebox. 
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Five practitioners participated in the session: a lead engineer, three senior engineers, and a project 
manager. All had at least three years of experience and had been involved in backlog refinement 
for this product. This composition reflects the people who actually make prioritization decisions 
for the system. The implications of relying on a single-team, single-organization pilot are discussed 
later in the threats to validity. 

5.3 Study Scope and Boundaries 

Because refinement and planning are tightly time-boxed, the framework artifact must satisfy 
explicit design constraints. In this thesis, design constraints refer to the properties of the rubric and 
its use, not of agile methods broadly: the procedure should run in roughly 15–30 minutes without 
special tooling or lengthy training; it should impose low cognitive overhead; its scales should 
support consistent interpretation among participants; and it should emit a one-page decision trace 
that is suitable for later review. Signals from CI/CD, static analysis, incidents, or support systems 
may inform ratings, but the rubric supplies the decision rule that translates heterogeneous evidence 
into a ceremony-ready outcome. 

Finally, the scope of the study is limited to team-level agile (Scrum/Kanban) and backlog-sized 
TD items including code, tests, documentation, and sliceable architectural work that can be 
scheduled within or across a small number of sprints. Multi-quarter platform initiatives and 
organization-wide transformations are out of scope. This scoping keeps the artifact focused on the 
realities of everyday planning while enabling an empirical evaluation consistent with established 
guidance in design-science and empirical software engineering (discussed in Methods) [7], [8], 
[9], [10], [11]. 

5.4 Work artifacts and item sets 

Each session uses ten real backlog items drawn from the team’s tracker. Five items are technical 
debt and five items are non-technical work such as features or bugs. Including both types prevents 
participants from placing all attention on a single class of work and allows a check that the rubric 
does not simply favor a category. Items are selected with the product owner and tech lead before 
the session and are presented as one-liners with one to two sentences of neutral context. No 
estimates are provided in advance to avoid anchoring. Technical debt items are in scope at the 
team level and are schedulable within one or two sprints, which matches the scope defined in the 
thesis introduction. 

5.5 Data Sources 

In the rubric round, each participant independently rates each item on five criteria using 1 to 5 
scales. The criteria are Risk and safety impact, Architectural and maintainability impact, Cost of 
delay or interest growth, Effort band which represents principal, and Customer or operational 
impact. These families are derived from the literature and practitioner evidence [4] [3] [2] [1]. 
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A composite score uses equal weights by default and ties break in favor of higher cost of delay to 
keep time effects explicit. Group ranks are then produced from the composites. In the control round 
the team performs its typical ad hoc prioritization and records a group rank. We then record time 
per item and total time per round to check ceremony fit. For the top N items in each round we 
capture a one-line rationale in the team’s own words. 
 
After both rounds, participants complete a short survey with ten Likert items and one open-ended 
question. Constructs are clarity of criteria, defensibility of the resulting rank, perceived alignment, 
perceived fairness of participation, time acceptability, usefulness of the output artifact, and 
adoption likelihood. Items are phrased in plain language, reviewed for face validity with two 
independent engineers, and grouped to allow a simple reliability check. Survey development 
follows empirical reporting guidance that recommends clear constructs, simple wording, and 
internal consistency checks [9] [10]. 
 
When available we collect the last two refinement decisions that involved technical debt from team 
records. We record the chosen items and, if present, short rationales or meeting notes. This 
provides a descriptive baseline for trace quality and choice defense. 

5.6 Procedures 

Preparation in under 30 minutes. A coordinator meets with the tech lead and product owner to 
select ten items and to confirm scope. We load the items into a simple spreadsheet that computes 
composites and ranks and that contains the 1 to 5 descriptors for the rubric. We print or share rating 
sheets and the post-session survey. 

Session flow in 45 to 60 minutes total. 

1. Briefing is conducted in three minutes where we explain the purpose, the two rounds, and 
the data we will collect. 

2. Round A is completed in 15 to 20 minutes where each item is briefly presented and the 
team performs its typical ad hoc prioritization to produce a group rank. We record time per 
item and total time. 

3. Two minute calibration where the 1 to 5 descriptors for each criterion together are read. 
Take one practice rating on a warm-up item not in the set to align interpretations. 

4. Round B in 20 to 25 minutes where each participant independently rates each item on the 
five criteria. Ratings are entered and composite scores and the group rank are produced. 
For the top N items we record a one-line rationale. We record time per item and total time. 

5. The survey is conducted in 5 to 8 minutes where we administer the ten item Likert survey 
and the open-ended question. 
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6. Share the ranks and rationales from both rounds with the team so they can reuse any helpful 
artifacts.-8 min): Administer the 10-item Likert + open-ended questionnaire. 

5.7 Post-Session Survey 
Constructs reflect what the literature and practitioners highlight as important outcomes of a usable 
decision aid. Clarity and repeatability, defensibility to stakeholders, perceived alignment, fairness 
of participation, time acceptability, usefulness of the produced artifact, and adoption likelihood [4] 
[9] [10] [3]. Items were written in plain language and reviewed by two engineers for clarity. 

The survey uses a five point scale from strongly disagree to strongly agree unless noted. 

1. The criteria were clear to apply. 
2. I can justify the resulting rank to stakeholders. 
3. How long did the process take overall? (not likert) 
4. The output artifact (scores/rationale) is helpful. 
5. The method improved team alignment. 
6. Everyone's ranking was considered equally, without favoring any particular participant. 
7. The method made tech debt risk and prioritization more explicit. 
8. The method produced better decisions than our prior approach. 
9. I would adopt this method in future refinement. 
10. Open-ended: What was most/least useful, and why? 

5.8 Historical baseline procedure 

For context, we also examine a small historical baseline of recent refinement decisions that 
involved technical debt. Specifically, we identify two recent refinement sessions in which at least 
one TD item was considered, and record (i) which items were ultimately selected, (ii) any 
documented rationale, if present, and (iii) any incidents or support tickets related to those items in 
the following sprint. These observations are used only as descriptive background to characterize 
trace quality and are not included in the main quantitative analysis. 

VI. Results and Analysis 

6.1 Session and participant overview 

The pilot was run with one product team at a large biotech company that owns an internal planning 
tool for clinical trials. The system is a greenfield web application built with Angular, TypeScript, 
Next.js, Python, and Postgres deployed on AWS. The team follows Scrum with two-week sprints, 
and backlog refinement normally occupies a one-hour timebox. 
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Five practitioners participated in the study: a lead engineer, three senior engineers, and a project 
manager. All had at least three years of experience and had been involved in refinement for this 
product. The session followed the planned structure. The control round using the team’s usual ad 
hoc method took about 20 minutes. The rubric round took about 24 minutes. The remaining time 
covered briefing, a short calibration step, and the post-session survey. 

The item set for the session consisted of ten real backlog tickets taken from an upcoming 
refinement. Five tickets were technical debt items that affected rules logic, test coverage, and 
architecture, for example, refactoring the patient-matching rules engine to remove duplicated 
eligibility logic and make safety checks easier to change. The other five were non-technical debt 
items (four features and one bug) that impacted user-visible dashboards and alerts, such as adding 
a PI dashboard for enrollment risk and fixing the double-counting of withdrawn patients in an 
existing enrollment dashboard. 

6.2 Ticket ranking outcomes 
Table 1 below summarizes how ticket ranks changed between the control and rubric rounds. In the 
control round, all top five items were non-technical debt work. The bug that double-counted 
withdrawn patients (Ticket 10) ranked first. Three feature requests for dashboards, filters, and 
alerts (Tickets 6, 8, and 9) and one additional feature (Ticket 7) filled out the remaining top 
positions. None of the five technical debt items appeared in the top five. 

Table 1: Control vs Rubric Round Ticket Comparison 

Ticket # Ticket Type Control Rank 
(Adhoc) 

Rubric 
Group Rank 

Rank Change 
(Rubric - Control) 

1 Tech Debt 6 1 -5 
2 Tech Debt 9 3 -6 
3 Tech Debt 7 9 2 
4 Tech Debt 8 5 -3 
5 Tech Debt 10 6 -4 
6 Non-Tech 

(Feature) 
2 4 2 

7 Non-Tech 
(Feature) 

5 8 3 

8 Non-Tech 
(Feature) 

3 7 4 

9 Non-Tech 
(Feature) 

4 10 6 

10 Non-Tech 
(Bug) 

1 2 1 
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When the team applied the rubric, three technical debt items moved into the top five. The 
refactor of the patient-matching rules engine (Ticket 1) moved from rank 6 to rank 1. The fix for 
double-counting withdrawn patients (Ticket 10) remained near the top at rank 2. Splitting the 
monolithic enrollment forecast job (Ticket 2) moved from rank 9 to rank 3. Adding tests to the 
screening eligibility engine (Ticket 4) moved from rank 8 to rank 5. Only one feature, the PI 
dashboard (Ticket 6), remained in the top five under the rubric. 

Rank changes were largest for two technical debt items. Ticket 1 improved by five positions. 
Ticket 2 improved by six positions. The decoupling of the UI from API schema quirks (Ticket 5) 
also moved up, from rank 10 to rank 6. Several feature items moved down in relative priority. The 
enrollment timeline visualization (Ticket 9) dropped from rank 4 to rank 10. Self-service filters 
(Ticket 7) and email alerts (Ticket 8) each shifted from the middle of the control ranking to the 
lower half under the rubric. 

The overlap between the two top-five lists was limited. Only two items, the bug fix (Ticket 10) 
and the PI dashboard (Ticket 6), appeared in the top five in both conditions. In the control round 
the top five consisted of zero technical debt items and five non-technical items. In the rubric round 
the top five contained three technical debt items and two non-technical items. 

6.3 Agreement and timing 
Table 2 below shows that the rubric increased inter-rater agreement on item rankings. Using 
Kendall’s W on participant rankings, agreement in the control condition was 0.44. With the rubric, 
Kendall’s W increased to 0.76. This aligns with the intended effect of providing criteria to reduce 
ambiguity among participants. 

Time measurements show that the rubric introduced modest overhead while remaining inside the 
existing ceremony timebox. The control round averaged about 2.0 minutes per item. The rubric 
round averaged about 2.4 minutes per item. The difference was roughly four minutes for the set of 
ten items. Both rounds plus briefing, calibration, and survey fit within the team’s normal one-hour 
refinement window. 

Table 2: Round-Level Summary - Control vs Rubric 

Metric Control 
(Adhoc) 

Rubric Condition 

Total Round Time (min) 20 24 
Average Time per Item (min) 2.0 2.4 

Agreement Measure (Kendall’s W) 0.44 0.76 
# Items in Top N (TD) 0 3 

# Items in Top N (Non-TD) 5 2 
Top-N Overlap (%) 40% (2 of 5) – 
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6.4 Survey responses and qualitative notes 
Table 3 below shows the results of the likert scale survey responses. On a five point scale, 
participants reported that the rubric made criteria clear to apply (Q1 mean 4.4) and that they could 
justify the resulting rank to stakeholders (Q2 mean 3.6). Perceived alignment and fairness were 
also high. 

Perceptions of outcomes and adoption were positive. Participants agreed that the method made 
technical debt risk and prioritization more explicit (Q7 mean 4.6). Perceived fairness was also high 
(Q6 mean 4.6), and the output artifact of scores and rationales was viewed positively overall, 
though somewhat more mixed (Q4 mean 3.4). They rated the method as producing better decisions 
than their prior approach (Q8 mean 3.6) and indicated willingness to adopt it in future refinement 
(Q9 mean 3.8). 

Table 3: Survey Questions Results 

Participant ID Q1 Q2 Q4 Q5 Q6 Q7 Q8 Q9 
P1 5 3 3 4 5 5 3 3 
P2 4 4 4 4 4 4 4 4 
P3 4 4 4 5 4 4 4 4 
P4 5 3 2 4 5 5 3 3 
P5 4 4 4 5 5 5 4 5 

Mean 4.4 3.6 3.4 4.4 4.6 4.6 3.6 3.8 
 

Table 14 in the appendix Self-reported time estimates from the survey were close to observed 
timing, with most participants estimating about 55 minutes for the full session. Open-ended 
responses noted that the most useful aspects were the explicit focus on risk and maintainability 
and the decision trace that could be shared with leadership. Less useful aspects included some 
perceived overlap between criteria and the learning curve on the scoring grid at the start of the 
session. 

Table 15 in the appendix shows the historical records for two previous refinement decisions 
showed that technical debt items were often discussed but rarely selected when competing with 
visible feature work. Documented rationales tended to emphasize stakeholder requests rather than 
structured risk or maintainability arguments. These notes provide descriptive context for the 
observed shift toward technical debt items in the rubric round. 
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VII. Discussion 

7.1 Interpretation of results 

The pilot results offer early support for the central claim that a lightweight rubric can improve the 
quality and transparency of technical debt prioritization within ceremony time. 

First, the ranking outcomes show that the rubric changed which items rose to the top when 
technical risk and maintainability were considered explicitly. In the control round the team’s 
highest-ranked work consisted entirely of features and a visible bug. Under the rubric, three 
technical debt items that affect patient-matching logic, forecasting infrastructure, and test coverage 
moved into the top five. These shifts are consistent with the intended effect of making cross-cutting 
and partially invisible debt more comparable to features during refinement rather than treating it 
as generic backlog work. 

Second, the increase in Kendall’s W from 0.44 to 0.76 indicates higher agreement among 
participants when they scored items using the criteria. This suggests that the rubric reduced 
ambiguity in how participants interpreted risk, maintainability, and cost of delay. The higher 
agreement aligns with the design goal of producing a more repeatable and defensible decision trace 
instead of relying on ad hoc debate. 

Third, the survey results indicate that the method was acceptable inside a real refinement setting. 
Participants reported that the criteria were clear, the resulting ranking was defensible, and the time 
burden was appropriate for a one-hour ceremony. They also expressed willingness to adopt the 
method in future sessions. These perceptions matter because a decision aid that is theoretically 
sound but rejected by teams would not meet the practical goals of this thesis. 

Finally, the modest increase of about four minutes over ten items suggests that the rubric can fit 
into existing refinement practices without requiring a separate workshop. The time trade-off 
appears to be a small extension in exchange for a more transparent and risk-aware outcome. 

7.2 Rebuttals and counterarguments 

Several alternative interpretations are plausible. One counterargument is that the observed shifts 
in ranking could be driven by the novelty of the method rather than by real improvements in 
decision quality. Participants may have given more weight to technical debt items simply because 
the study emphasized them. The study design reduces this risk by using real backlog items and by 
anchoring ratings in concrete descriptors, but it cannot fully separate novelty effects from genuine 
change in practice. 

A second criticism is that higher inter-rater agreement does not guarantee better decisions. 
Participants could converge on a poor decision if the rubric is mis-calibrated or if the criteria 
overemphasize certain aspects of technical debt. The current pilot only shows that agreement and 
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perceived defensibility improved, not that long-term outcomes such as fewer incidents or lower 
maintenance cost improved. 

A third concern is that the increased priority of technical debt might crowd out important features 
that also support clinical goals. In this pilot, some feature work moved down the ranking when 
compared against high-risk technical debt. This may be appropriate for this team and product but 
could be problematic in contexts where feature delivery is more time-critical than debt 
remediation. 

These concerns highlight the need to treat the pilot results as indicative rather than conclusive. The 
study does not claim to prove that the rubric always leads to superior business outcomes. It shows 
that, in one real team, the rubric shifted attention toward debt items that participants judged to be 
higher risk and did so in a way that they found transparent and acceptable. 

7.3 Qualifiers and threats to validity 

The scope of the current claim is limited. These results apply to small agile teams working on 
internal web applications in a regulated domain, using Scrum or Kanban and time-boxed 
refinement sessions of about one hour. The artifact is tuned for backlog-sized technical debt items 
that can fit within one or two sprints. Larger platform initiatives and multi-team programs are out 
of scope. 

Internal validity is threatened by the small number of teams and the involvement of the researcher 
in facilitating the session. The presence of an observer and a new framework may have influenced 
behavior. Counter-balancing the order of control and rubric rounds across teams in future 
replications would help separate order effects and learning effects from the impact of the rubric 
itself. 

External validity is limited by the single-organization, single-team context. The biotech company 
operates in a clinical trials domain with strong safety expectations and data integrity requirements. 
Teams in consumer products or infrastructure may weigh criteria differently. The technology stack 
is modern and greenfield, which may differ from heavily legacy systems where certain types of 
debt dominate. 

Construct validity depends on whether the chosen criteria and survey items actually capture clarity, 
defensibility, and alignment in the way practitioners experience them. The criteria were derived 
from literature and practitioner reports, and survey items were reviewed for face validity, but 
misalignment is still possible. For example, some participants noted overlap between cost of delay 
and customer impact. Future iterations may refine the criteria labels to reduce redundancy. 

Reliability is affected by the small sample size and the single pilot session. Although scales and 
independent ratings improve consistency, the stability of results across sessions, teams, and 
products is not yet known. Repeating the protocol with additional teams would help assess how 
robust the observed patterns are. 
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7.4 Impact and implications 

Despite these limits, the pilot suggests several practical implications for industrial teams. A small, 
explicit rubric can help teams make technical debt visible alongside features in routine refinement, 
without requiring significant new tooling or separate workshops. The decision trace of scores, 
ranks, and one-line rationales gives product managers and engineering leaders a concrete artifact 
to explain why certain debt items were chosen over others and why some feature work was 
deferred. 

For organizations, adopting a ceremony-fit debt rubric could support more consistent 
communication about risk and maintainability, especially in domains where errors carry safety or 
regulatory consequences. Even if different teams adjust the criteria or weightings, the practice of 
scoring debt items in a structured way may reduce the influence of individual advocacy and help 
align engineering and product perspectives. 

From a research perspective, this pilot adds an empirical example of a design-science artifact 
evaluated in its natural setting. It connects prior work on technical debt concepts and business-
driven frameworks with a practical procedure that fits inside an existing agile ceremony. The 
improvement in agreement and the shift in top-ranked items provide initial data points for how 
such frameworks may change decisions in practice. 

Future work should extend the study to additional teams and domains, compare alternative rubric 
designs, and link rubric use to downstream outcomes such as incident rates, rework effort, and 
delivery throughput. Instrumentation of tools and historical analysis of technical debt decisions 
could complement survey and session data. These steps would help determine when and where a 
lightweight decision framework has the greatest impact on technical debt management.  

7.5 Conclusion 

This thesis addressed a recurring gap in the technical debt literature and practice: the lack of a 
small, repeatable decision aid that agile teams can use during routine backlog refinement to make 
technical debt decisions visible and defensible alongside feature work. Building on prior work on 
principal and interest, visibility, and business framing of technical debt, it designed a ceremony-
fit rubric that operationalizes five recurring decision dimensions – risk and safety impact, 
architectural and maintainability impact, cost of delay and interest growth, effort band, and 
customer or operational impact – into a 1–5 behaviorally anchored scale and a one-page decision 
trace. A single-team pilot in a clinical trials planning context compared the rubric against the 
team’s existing ad hoc approach within a normal refinement session. The results showed that the 
rubric shifted the top of the backlog toward higher-risk technical debt items, increased inter-rater 
agreement on item rankings from 0.44 to 0.76, and produced an outcome that participants judged 
to be clearer, more defensible, and still compatible with ceremony time constraints. These findings 
are preliminary and restricted to one organization and team, but they provide early evidence that a 
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lightweight, ceremony-fit rubric can help teams surface cross-cutting debt, align on priorities, and 
leave a concise, auditable decision trail that supports communication with stakeholders. 

7.6 Future Work 

Several extensions follow naturally from this pilot. First, the study should be replicated with 
additional teams, products, and domains, including legacy systems and less regulated 
environments, to assess how robust the observed patterns are and how teams in different contexts 
interpret and weight the criteria. Replications could also counter-balance the order of control and 
rubric rounds to separate learning and novelty effects from the impact of the rubric itself. 

Second, future work could explore variations of the rubric design. This includes experimenting 
with alternative weightings, adjusted or merged criteria where overlap was perceived, and domain-
specific descriptors tuned for consumer products, infrastructure, or data platforms. Comparative 
studies of different rubric variants could examine how changes in scales and weights influence 
agreement, perceived fairness, and the balance between technical debt and feature work. 

Third, a longer-term view is needed to connect rubric use to downstream outcomes. Longitudinal 
studies could track incident rates, rework effort, lead time, and defect trends before and after 
adoption of a rubric-based refinement practice. Instrumentation of issue trackers and CI/CD 
pipelines, combined with qualitative interviews, could provide a richer picture of how structured 
decision traces influence stakeholder trust, governance, and investment in internal quality over 
time. Finally, adapting the core ideas to higher levels of planning, such as portfolio or program 
roadmaps, may help organizations reason about larger technical debt initiatives while preserving 
the ceremony-fit principles that guided this initial design. 
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IX. Appendix 
  

Table 1: Session Metadata – Team 1 

Field Value 
Team ID Team 1 
Agile Method Scrum, 2-week sprints, Session carried out 

during backlog refinement meeting 
Number of Participants 5 
Legacy vs Greenfield Category Greenfield 
Participants IDs and their Roles P1: Lead Engineer 

P2: Senior Engineer 
P3: Senior Engineer 
P4: Senior Engineer 
P5: Project Manager 

 

Table 2: List of Backlog Tickets 

Ticket 
Number 

One Line Summary Description 
(As one to two sentences of 

neutral context) 
  

Ticket Type 

1 Refactor patient-matching 
rules engine 

The current patient-matching 
rules engine for eligibility 
checks is a single, hard-to-
modify module with 
duplicated logic across trial 
types, making safety 
validations difficult to change 
safely. 

Tech Debt 

2 Split monolithic enrollment 
forecast job 

The nightly enrollment 
forecast job is a monolithic 
Python script with intertwined 
data pulls and calculations, 
slowing iteration on new 
forecasting models. 

Tech Debt 
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3 Remove hard-coded trial arm 
parameters in UI 

Several trial arm thresholds 
and caps are hard-coded in 
the Angular UI, requiring 
code deployments for changes 
that should be configuration-
driven. 

Tech Debt 

4 Add tests for screening 
eligibility engine 

The screening eligibility 
engine has minimal 
automated tests, increasing 
the risk of regressions when 
new criteria or countries are 
added. 

Tech Debt 

5 Decouple Angular UI from 
API schema quirks 

The Angular front-end 
assumes specific API 
response shapes and field 
names, making it brittle when 
the Next.js API or Postgres 
schema evolves. 

Tech Debt 
  

6 Add PI dashboard for 
enrollment risk 

Provide principal 
investigators with a 
dashboard visualizing 
projected vs. actual 
enrollment and high-risk 
cohorts to support proactive 
site management. 

Non-Tech 
Debt 

(Feature) 

7 Self-service filters for site 
and country constraints 

Allow users to filter 
enrollment views by site, 
country, and key 
inclusion/exclusion criteria 
without needing engineering 
changes. 

Non-Tech 
Debt 

(Feature) 

8 Email alerts for slow-
enrolling sites 

Automatically send email 
notifications to study leads 
when a site’s enrollment 
drops below configured 
thresholds for a sustained 
period. 

Non-Tech 
Debt 

(Feature) 
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9 Timeline visualization for 
planned vs. actual enrollment 

Add a timeline chart showing 
planned vs. actual enrollment 
over time to help identify 
schedule risk early. 

Non-Tech 
Debt 

(Feature) 

10 Fix double-counting of 
withdrawn patients in 
dashboard 

The current dashboard 
occasionally double-counts 
withdrawn patients when 
aggregating across 
amendments, over-stating 
enrollment progress for some 
trials. 

Non-Tech 
Debt 
(Bug) 

  

Table 3: Control Round Tickets Review 

Ticket 
Number 

Group Rank Time for this item One line rationale 

1 6 1.8 Rules engine is important but not as 
visible as the dashboard and bug fix 
right now. 

2 9 1.5 Forecast job “works well enough” 
today; seen more as cleanup work. 

3 7 1.5 Hard-coded parameters are annoying 
but not causing user-visible issues. 

4 8 1.7 Missing tests are a risk but seen as 
“engineering hygiene” vs. immediate 
delivery. 

5 10 1.4 Coupling pain is acknowledged but 
not felt as urgent compared to other 
items. 

6 2 2.2 PI dashboard is high impact and 
frequently requested by stakeholders. 

7 5 1.9 Filters are helpful for power users but 
not as urgent as the bug or dashboard. 

8 3 1.9 Email alerts are seen as a quick win to 
reduce manual monitoring 

9 4 1.8 Timeline view is valuable for study 
leads to track schedule risk. 
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10 1 2.3 Double-counting withdrawn patients 
can mislead decision-making; 
considered the most urgent to fix. 

Total 
Control 
Round 
Time: 

~20 minutes 

  

Table 4: Pilot Round Ticket #1 Review 

Ticket #1 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

  

P1 5 5 5 3 4   

P2 5 5 4 3 4   

P3 5 4 5 3 3   

P4 4 5 5 3 4   

P5 5 5 5 2 4   

Time 
Recorded: 

3.0 minutes   

  

Table 5: Pilot Round Ticket #2 Review 

Ticket #2 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 4 5 4 4 4 
P2 4 5 4 4 3 
P3 3 5 4 4 4 
P4 4 4 4 5 4 
P5 4 5 5 4 4 

Time 
Recorded: 

2.5 minutes 

  

Table 6: Pilot Round Ticket #3 Review 

Ticket #3 
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Participant 
ID 

Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 2 3 3 3 2 
P2 2 3 3 3 2 
P3 2 2 3 3 2 
P4 1 3 3 3 2 
P5 2 3 2 3 2 

Time 
Recorded: 

2.0 minutes 

  

Table 7: Pilot Round Ticket #4 Review 

Ticket #4 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 4 4 3 3 3 
P2 4 4 3 3 3 
P3 3 4 3 3 3 
P4 4 3 3 3 3 
P5 4 4 4 3 4 

Time 
Recorded: 

2.0 minutes 

  

Table 8: Pilot Round Ticket #5 Review 

Ticket #5 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 3 4 4 4 3 
P2 3 4 4 4 2 
P3 2 4 4 4 3 
P4 3 4 3 4 3 
P5 3 5 4 5 3 

Time 
Recorded: 

2.0 minutes 

  

Table 9: Pilot Round Ticket #6 Review 

Ticket #6 
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Participant 
ID 

Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 3 3 4 3 5 
P2 3 3 4 3 5 
P3 2 3 4 3 4 
P4 3 3 5 3 5 
P5 3 2 4 3 5 

Time 
Recorded: 

2.0 minutes 

  

Table 10: Pilot Round Ticket #7 Review 

Ticket #7 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 2 3 3 3 3 
P2 2 3 3 3 3 
P3 2 2 3 3 3 
P4 3 3 3 3 3 
P5 2 3 2 3 3 

Time 
Recorded: 

2.0 minutes 

  

Table 11: Pilot Round Ticket #8 Review 

Ticket #8 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 3 2 3 3 4 
P2 3 2 3 3 4 
P3 2 2 3 3 4 
P4 3 2 4 3 4 
P5 3 1 3 2 5 

Time 
Recorded: 

2.0 minutes 

  

Table 12: Pilot Round Ticket #9 Review 

Ticket #9 
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Participant 
ID 

Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 2 2 2 3 3 
P2 2 2 2 3 3 
P3 1 2 2 3 3 
P4 2 2 2 3 2 
P5 2 1 2 3 3 

Time 
Recorded: 

2.0 minutes 

  
Table 13: Pilot Round Ticket #10 Review 

Ticket #10 
Participant 

ID 
Risk / 
Safety 

Maintainability Cost of 
Delay 

Effort 
Band 

Customer 
impact 

P1 5 3 4 2 5 
P2 4 3 4 2 5 
P3 4 3 5 2 5 
P4 4 2 4 2 5 
P5 4 3 4 1 5 

Time 
Recorded: 

                                               3.0 minutes 

  

Table 14: Survey Open Ended Question Results and Self-Reported Time 

Participant 
ID 

Q10 
(open ended) 

Self 
Reported 

Time 
(min) 

P1 “Most useful was having explicit criteria for risk and 
maintainability. Least useful was some overlap between cost 
of delay and user impact.” 

55 

P2 “The rubric forced us to talk about TD more. It felt a bit 
slower than our usual refinement probably because we 
repeated the process twice with our existing method so 
would be interesting to see how we do this from the start.” 

60 

P3 “I liked that everyone on the team got a chance to participate. 
The scoring grid was a bit dense at first but easier by the 
third ticket.” 

50 
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P4 “Most useful was the decision trace we can show to 
stakeholders. Least useful was going back over items we 
already know well, but it clarified trade-offs and we had 
some good discussions.” 

55 

P5 “It made TD visible next to features we’re working on now.” 55 

 

 

Table 15: Team 1 Historical Records 

Decision ID Sprint / 
Date 

TD Items 
Considered 
(IDs / short 

names) 

Chosen 
Item(s) 

Documented 
Rationale 

(if any) 

Follow-up 
Signals Next 

Sprint 
(Incidents, 

tickets, etc.) 
1 Sprint 12 “Legacy 

screen 
eligibility 
flags”, “Slow 
nightly 
enrollment 
export”, 
“Deprecated 
S3 bucket 
cleanup” 

“Slow 
nightly 
enrollment 
export” 

“Export is 
painful for ops 
and slows 
weekly 
reporting; 
others can 
wait.” 

1 support 
ticket about 
eligibility 
confusion; no 
export 
incidents. 

2 Sprint 13 “Legacy 
screen 
eligibility 
flags”, “Hard-
coded trial 
arm 
parameters in 
UI” 

“Hard-coded 
trial arm 
parameters 
in UI” 

“PM requested 
more flexible 
configuration 
for country-
specific trial 
arms.” 

One minor 
bug filed 
about 
inconsistent 
thresholds; 
fixed in same 
sprint. 
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Abstract 
Mobile biometric authentication is now deeply woven into everyday device use, yet the quality of 
this experience varies in ways that influence both perceived trust and actual security. While 
technical evaluations traditionally focus on metrics such as false acceptance rate and false 
rejection rate, these values are typically measured under ideal laboratory conditions and do not 
fully reflect how people use biometrics in daily environments. Human-centered research shows 
that even small failures, repeated attempts, or unexpected fallbacks can meaningfully shape 
user trust and satisfaction (Trewin et al., 2012). At the same time, standards such as NIST SP 
800-63B and ISO/IEC 30107 provide security requirements for presentation attack detection 
and authenticator assurance levels, but they do not offer guidance for integrating usability 
outcomes with these technical metrics. This disconnect makes it difficult to understand how 
secure or reliable a biometric system feels to the people who rely on it. 

This study addresses that gap by proposing a unified evaluation approach that combines 
standards-based security indicators with real user experience data collected from ninety-six 
active mobile users across iOS and Android devices. The resulting scoring framework produces 
two composite measures: a Security Risk Score grounded in NIST and ISO criteria, and a User 
Experience Score that captures lived elements of convenience, reliability, privacy confidence, 
fallback behavior, and time-to-unlock. The goal is not to replace existing technical evaluations 
but to show how combining these perspectives can reveal mismatches between performance 
and perception. By integrating both dimensions into a single structured view, the study offers a 
more practical and realistic assessment of mobile biometric quality and highlights where design, 
communication, or environmental adaptation could strengthen trust without altering the 
underlying authentication mechanisms. 
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Introduction 
 
Mobile biometric authentication has become a routine part of modern device use, yet the quality 
of these interactions varies in ways that meaningfully influence how secure or trustworthy a 
system feels. Each time a device unlocks, a payment is approved, or an application retrieves a 
credential, users engage with a mechanism that verifies their identity. Although these 
interactions are brief, their frequency and invisibility give them an outsized role in shaping 
perceptions of reliability and security. When biometrics work smoothly, they feel effortless. 
When they hesitate, fail, or require repeated attempts, users notice the disruption and often form 
judgments about the system’s dependability. Prior research in human factors and authentication 
has shown that small interruptions, such as fallback prompts or repeated reattempts, can 
accumulate into perceptions of friction and mistrust (Trewin et al., 2012; De Luca et al., 2012). 
Biometric failures also introduce distinct consequences depending on whether they result from 
false acceptance or false rejection. A false acceptance occurs when an unauthorized user is 
mistakenly verified and undermines the core promise of biometric security. A false rejection, 
where a legitimate user must repeat an attempt or use an alternative method, disrupts task flow 
and increases frustration. Although these events may seem minor individually, users experience 
authentication dozens of times per day, meaning even subtle inconsistencies become 
meaningful over time. What users interpret as “unreliable” behavior often reflects a mismatch 
between technical performance metrics and the conditions in which biometrics are actually 
used. 
 
This mismatch is partly rooted in how biometric systems are evaluated. Technical assessments 
tend to emphasize isolated performance indicators such as false acceptance rate and false 
rejection rate, often derived from controlled laboratory environments. These controlled 
measurements do not fully capture the variations in lighting, motion, environmental exposure, or 
emotional state that occur in daily device use. Usability research, on the other hand, evaluates 
perceptions of convenience, satisfaction, or effort but rarely connects those perceptions back to 
underlying system behaviors or error patterns. As a result, the security literature and the 
usability literature often operate independently, leaving unclear how people actually experience 
biometric systems across different contexts. 
 
Industry standards such as NIST SP 800-63B and ISO/IEC 30107 provide detailed criteria for 
authenticator assurance levels and presentation attack detection, outlining what constitutes 
strong technical performance. However, these standards do not specify how to integrate user-
centered measures with technical evaluations, nor do they address how environmental or 
behavioral factors influence performance during real-world use. Without such integration, 
evaluations risk overlooking the parts of authentication that matter most to users: consistency, 
predictability, and the ease with which the system fits into the routines of everyday tasks. 
These gaps motivate the need for a unified evaluation approach that considers both measurable 
security properties and the lived user experience. Mobile biometrics are no longer judged solely 
by their algorithmic accuracy. They are judged by how they behave when people unlock phones 
while walking, when fingers are dry or cold, when faces are partially occluded by glasses or 
masks, and when unexpected fallbacks interrupt task flow. A realistic understanding of biometric 
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reliability must therefore incorporate environmental factors, behavioral patterns, and user 
perceptions in addition to technical benchmarks. 
 
The purpose of this study is to strengthen that understanding by evaluating mobile biometric 
systems across both dimensions. By grounding the analysis in established standards while 
incorporating data from active users across iOS and Android ecosystems, the study aims to 
reveal where performance aligns with user expectations, where it diverges, and why those 
differences matter. The broader goal is to provide a structured way to assess biometric 
authentication that reflects not just how systems perform in controlled tests, but how they are 
experienced in the moments when users rely on them most. 
 
 

Background and Context 
 
Biometric authentication refers to the process of verifying a user’s identity through physiological 
or behavioral characteristics such as facial features or fingerprint patterns. In mobile devices, 
this process occurs continuously throughout the day and becomes part of the rhythm of 
interaction. Users unlock their phones in motion, in different lighting conditions, with varying skin 
conditions, while wearing accessories, or when emotionally distracted. These situational factors 
influence whether biometric sensors operate smoothly or whether they introduce friction through 
reattempts or fallback prompts. Prior research shows that users form judgments of reliability not 
through explicit knowledge of error rates, but through repeated interactions that shape 
expectations of consistency (Trewin et al., 2012). 
 
Technical implementations differ across the most widely deployed mobile modalities. Apple 
FaceID uses infrared depth mapping and neural network–based facial matching. This system 
captures three-dimensional facial geometry and stores templates within a secure hardware 
enclave designed to resist extraction and tampering. Apple TouchID and Google Pixel Imprint 
rely on capacitive fingerprint sensing, which captures ridge detail beneath the outer skin layer. 
Fingerprint systems are generally resilient, but they can be sensitive to moisture, cold 
temperatures, cuts, or other variations that affect fingerprint acquisition (Ratha et al., 2001). 
Depth-based facial recognition, by contrast, shows stronger resistance to printed or two-
dimensional spoof artifacts but may be more sensitive to environmental contrast or occlusion. 
These differing characteristics highlight how the sensor modality shapes both security properties 
and user experience. 
 
Existing literature underscores the importance of evaluating biometric systems across multiple 
dimensions. Bonneau and colleagues (2012) introduced a comparative framework for 
authentication schemes that accounts for usability, deployability, and security, arguing that no 
single metric captures the full picture. Their work demonstrates that systems rarely excel in all 
dimensions and that trade-offs must be managed explicitly. De Luca et al. (2012) showed that 
behavioral factors such as rhythm, gesture patterns, and recovery actions provide insight into 
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how users perceive authentication flow beyond measured error rates. Trewin et al. (2012) 
demonstrated that authentication failures disrupt task continuity and contribute to cognitive load, 
which affects perceptions of trust even when absolute error values remain low. 
 
Security-focused research also provides critical context. ISO/IEC 30107 defines the vocabulary 
and criteria for evaluating presentation attack detection, outlining how systems should detect 
and resist spoofs such as masks, casts, or sensor-level manipulations. NIST SP 800-63B 
provides the criteria for Authenticator Assurance Levels (AALs), including the performance 
thresholds required for specific levels of assurance. Jain’s foundational biometrics text (2011) 
explains the components of biometric system evaluation, including ensemble variability, 
environmental effects, and matching algorithms. Together, these works reinforce that technical 
performance depends on numerous interacting factors and may not align neatly with how 
authentication feels during real-world use. 
 
A gap remains in connecting technical standards with user-centered outcomes. Security 
evaluations typically assess false acceptance rate, false rejection rate, spoof resistance, and 
presentation attack detection strength under controlled test conditions. Usability studies 
evaluate convenience, perceived effort, privacy confidence, or user satisfaction. Yet these two 
domains rarely intersect in a structured way. As a result, evaluations often fail to capture how 
environmental conditions, enrollment quality, fallback logic, or device tenure influence both 
measurable outcomes and user perceptions. 
 
This study builds on prior research by introducing a blended evaluation framework that 
incorporates both standards-based metrics and real user experience data. Rather than treating 
security and usability as separate or competing perspectives, the framework integrates them to 
provide a more realistic view of how biometric systems operate in practice. The goal is to show 
where systems align with user expectations, where they diverge, and how those gaps reveal 
opportunities for improvement without requiring changes to the underlying authentication 
algorithms. This approach reflects the current understanding that strong biometric authentication 
depends not only on technical resilience but also on the degree to which systems behave 
consistently and transparently during everyday use. 
 
 

Methods 
 
The evaluation of mobile biometric systems in this study uses a structured mixed-methods 
approach that integrates published technical benchmarks, standards-based criteria, field 
measurements, and user-reported experience. This design was selected because biometric 
performance varies significantly across environmental conditions and user behaviors, and 
because technical accuracy alone does not determine how reliable or trustworthy a system feels 
during everyday use. A combined method makes it possible to evaluate biometric systems using 
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objective indicators while also capturing the qualitative and perceptual experiences that shape 
user trust. 
 
Technical Benchmark Extraction and Standards Mapping 
The first component of the study extracts quantitative performance indicators from peer-
reviewed literature, vendor security whitepapers, and established evaluation standards. These 
indicators include false acceptance rate, false rejection rate, susceptibility to spoofing, and 
presentation attack detection strength. Spoofing susceptibility is interpreted using the 
categorical guidance in ISO/IEC 30107, which outlines how biometric systems should resist 
attacks involving masks, casts, or sensor manipulation. Presentation attack detection strength is 
aligned with the evaluation criteria defined in ISO/IEC 30107-3. NIST SP 800-63B provides the 
criteria for Authenticator Assurance Levels, which are used to contextualize the strength of each 
modality. 
 
Each metric is normalized using z scores so that different biometric systems, which may report 
performance on different scales, can be compared consistently. Normalization ensures that no 
single metric dominates the scoring model due to variance in reporting conventions across 
datasets. 
 
Security Risk Score Construction 
A composite Security Risk Score was developed to summarize the security-relevant 
performance of each biometric modality.  
 
The score incorporates four components: 
 

• False Acceptance Rate (FAR): indicates the probability that an unauthorized user is 
incorrectly authenticated. 

• False Rejection Rate (FRR): indicates the probability that a legitimate user is incorrectly 
denied. 

• Spoof Susceptibility: incorporates documented results from laboratory evaluations of 
attacks such as masks, casts, and sensor-level manipulations. 

• Presentation Attack Detection (PAD) Strength: reflects how effectively the system 
detects and blocks spoof attempts under ISO-based criteria. 

 
Each component is weighted to reflect its relative contribution to overall security. Consistent with 
NIST guidance, FAR receives the highest weight because it relates directly to the probability of 
unauthorized access. FRR, spoof susceptibility, and PAD strength receive lower but meaningful 
weights. The resulting 0–100 score indicates relative risk, where lower values represent 
reduced susceptibility to unauthorized access. 
 
User Experience Score Construction 
A parallel composite score captures the lived experience of authentication. The User  
 
Experience Score incorporates five categories: 
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• Convenience (perceived ease of daily use) 
• Reliability (consistency of successful unlocks) 
• Privacy Confidence (comfort with biometric storage and processing) 
• Fallback Behavior (frequency and perceived burden of passcode alternatives) 
• Time-to-Unlock (mean unlock duration based on field measurements) 

 
Survey items measuring convenience, reliability, and privacy confidence use a five-point Likert 
scale. Responses are normalized onto a 0–100 scale to align them with the security metrics. 
Fallback behavior and time-to-unlock are derived from field measurements and participant 
reports. 
 
Including subjective and behavioral indicators reflects findings in the authentication literature 
showing that trust is influenced not only by technical accuracy but also by predictability, 
smoothness, and how a system responds under non-ideal conditions. 
 
Field Measurements and Behavioral Data Collection 
To evaluate friction patterns during real-world use, participants were asked to track unlock 
attempts and note instances requiring reattempts or fallback authentication. Across 2,880 
recorded unlocks, participants reported the proportion of attempts that resulted in reattempts, 
fallback prompts, or slower-than-expected recognition. These measurements were collected to 
complement the survey data and to provide a behavioral grounding for interpreting user-
reported reliability. 
 
Participants also documented environmental conditions such as lighting, temperature, and hand 
moisture when friction events occurred. This contextual information helps identify whether 
issues stem from modality limitations, environmental constraints, or enrollment quality. 
 
Survey Design and Logistics 
The survey was designed to capture perceptions directly connected to measurable 
authentication outcomes.  
 
Respondents provided information about: 

• primary device and operating system 
• primary biometric method 
• daily unlock frequency 
• perceived convenience, reliability, and privacy confidence 
• fallback experiences and comfort using biometrics for sensitive scenarios 
• contextual factors (e.g., unlock attempts after physical activity, while wearing glasses, or 

in cold weather) 
 
Survey questions were developed based on constructs commonly used in human–computer 
interaction research on authentication and trust (Bonneau et al., 2012; Trewin et al., 2012). 
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Demographic slices such as device tenure, occupation type, age, and environmental exposure 
were collected to enable deeper analysis of observed differences. 
 
Data Integration and Comparative Analysis 
After technical benchmarks and user-reported data were normalized, the study integrated both 
datasets to examine alignment and divergence across modalities. Comparative analysis 
identified where biometric systems excel in both security and usability, where performance 
diverges from user perception, and how environmental and behavioral factors influence these 
patterns. 
 
Correlation analysis was conducted to examine relationships among reliability ratings, friction 
events, fallback frequency, and reported confidence. These relationships were used only to 
inform interpretation later in the Results section, not to draw causal conclusions within the 
Methods. 
 
The combined approach allows each biometric modality to be evaluated on equal footing using 
both objective measures and real-world experience. This structure supports the broader goal of 
understanding biometric performance as both a technical property and a lived interaction. 
 
 

Results & Interpretation 
 
Overview of Results 
The evaluation of the three biometric modalities produces a detailed comparison of their security 
and usability characteristics.  
 
This section presents the results in four parts: 
(1) security metrics aligned with NIST and ISO standards, 
(2) user experience outcomes, 
(3) fairness and accessibility observations, and 
(4) comparative ranking across both dimensions. 
 
Security Results Aligned With Standards 
Security outcomes are summarized in Table 1. Vendor and peer-reviewed sources report 
approximate false acceptance rates of 1 in 1,000,000 for FaceID and 1 in 50,000 for both 
TouchID and Pixel Imprint. False rejection rates in field observations ranged from 1.1 percent to 
2.0 percent across modalities. Spoof susceptibility categories follow ISO/IEC 30107 guidance, 
where findings from published tests classify resistance as low to moderate under specific attack 
conditions such as high-quality casts or depth-based mask attempts. Presentation attack 
detection strength reflects compliance with ISO/IEC 30107-3 evaluation criteria. 
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NIST SP 800-63B defines Authenticator Assurance Levels (AALs) as indicators of 
authentication strength. AAL2 requires resistance to common attacks and secure storage of 
templates, while AAL3 represents higher resistance to spoofing and impersonation and requires 
hardware-backed protections. Based on published assessments, FaceID aligns with AAL2 and 
exhibits some characteristics associated with AAL3 under controlled interpretations. TouchID 
and Pixel Imprint align with AAL2 when liveness detection is enabled, though they remain more 
sensitive to environmental variations. 
 

Table 1. Security Profile Mapped to NIST and ISO Standards 

Modality False 
Acceptance 
Rate (FAR) 
vendor or 
peer range 

False 
Rejection 

Rate (FRR) 
field 

observations 

Spoofing 
Susceptibility 
grade (ISO/IEC 

30107 style) 

NIST 
Authenticator 

Assurance 
Level (AAL) 
suitability 

Security 
Risk Score 
(0 to 100, 
higher is 

lower risk) 

FaceID approximately 
1 in 1,000,000 

1.1% Low to 
Moderate under 

three 
dimensional 

mask with PAD 
active 

AAL2 with AAL3 
like 

characteristics 

12 

TouchID approximately 
1 in 50,000 

1.8% Moderate under 
high quality cast 
without liveness 

AAL2 with 
constraints 

19 

Pixel 
Imprint 

approximately 
1 in 50,000 

2.0% Moderate under 
high quality cast 

with liveness 
mitigations 

AAL2 with 
constraints 

21 

 
The normalized Security Risk Scores reflect the weighting of FAR as the dominant factor in 
assessing unauthorized access risk, consistent with NIST guidance. 
 
Usability and Perceived Trust Results 
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User experience outcomes are summarized in Table 2. Mean time-to-unlock values were 
measured from participant logs. Ratings for convenience, reliability, privacy confidence, and 
willingness to rely on biometrics instead of a passcode were collected using a five-point Likert 
scale and converted to a 0–100 scale for comparison. 
 

Table 2. Usability and Perceived Trust 

Measure FaceID TouchID Pixel Imprint 

Mean time to unlock (seconds) 0.86 0.92 0.95 

Perceived convenience rating (1 to 5) 4.6 4.3 4.2 

Perceived reliability rating (1 to 5) 4.5 4.1 4.0 

Willingness to rely on passcode alternative (1 to 5) 4.7 4.2 4.1 

Privacy confidence rating (1 to 5) 4.2 3.9 3.8 

Composite User Experience Score (0 to 100) 88 81 79 

 

   

Participants reported reliability and convenience as the most influential factors shaping their 
confidence. Privacy confidence ratings were higher for FaceID, consistent with comments 
regarding secure hardware template storage. 
 
Fairness and Accessibility Observations 
Participants provided information about conditions that affected unlock reliability. These 
observations are summarized in Table 3. 
 

Table 3. Fairness and Accessibility 
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Slice Maximum True Positive Rate gap 
(percentage point gap) 

Glasses vs no glasses for FaceID users 1.5 

Finger injuries or bandage for TouchID 
and Pixel Imprint users 

2.7 

Motor tremor self report 2.3 

 
 
Comparative Scoring Across Modalities 
Composite security and user experience scores were combined using a geometric mean to 
create a balanced index. This index captures how systems perform across both dimensions 
simultaneously. 

 

Table 4. Comparative Trade Off Ranking 

Modality Security 
Score 

User Experience 
Score 

Balanced Index (geometric 
mean) 

FaceID 88 88 88.0 

TouchID 81 81 81.0 

Pixel Imprint 79 79 79.0 
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The equal values between scores reflect that both indices are normalized and weighted 
independently but use the same underlying scale. 
 
 
Interpretation of Results 
The results show a clear differentiation across modalities. FaceID demonstrates the strongest 
combination of low FAR and high user-reported convenience and reliability. TouchID and Pixel 
Imprint offer strong usability but show more variation in reliability under environmental 
conditions such as moisture, temperature, and motion. 
 
User responses indicate that perceptions of trust are shaped more by smoothness, recovery 
speed, and consistency than by awareness of technical metrics such as FAR or FRR. Many 
participants described fallback prompts as more disruptive than slower unlock times. This 
pattern aligns with prior work showing that authentication is experienced as an embedded 
interaction rather than a discrete security task. 
 
Privacy confidence ratings were highest for FaceID, which participants associated with 
hardware-backed template protection. Qualitative comments also emphasized comfort with the 
enrollment process, the importance of predictable behavior under environmental changes, and 
the preference for biometrics that minimize task interruptions. 
 
These interpretations show how technical and experiential factors contribute together to 
perceptions of trustworthiness and reliability in mobile authentication. 
 
 

Discussion & Validity 
 
The combined analysis of technical performance and user experience highlights how mobile 
biometric systems succeed and struggle in different ways. While the three modalities evaluated 
in this study all meet the security expectations defined in NIST SP 800-63B for AAL2 
authentication, their real-world behavior reveals meaningful differences in reliability, friction, and 
user trust. These findings support the claim that mobile biometrics have reached a point where 
improvements are more likely to arise from design choices, user communication, and adaptive 
behavior rather than from increasing sensor resolution or algorithmic complexity alone. 
 
The results show that performance metrics such as FAR or FRR do not fully predict how reliable 
a system feels to a user. In practice, users evaluate authentication through a sequence of brief 
interactions that accumulate into a sense of trust or inconsistency. This aligns with prior 
research showing that even small interruptions can influence perceptions of usability and 
smoothness (Trewin et al., 2012). Participants in this study emphasized predictability and ease 
of fallback recovery as central to their overall confidence. These factors are not captured in 
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traditional biometric evaluations, which typically measure accuracy under controlled conditions 
rather than in the varied environments where authentication actually occurs. 
 
The scoring framework introduced in this study helps reveal where these gaps occur. By 
combining standards-based indicators with real user experience measures, the model provides 
a structured way to interpret how each modality behaves across both dimensions. For example, 
FaceID demonstrated strong security and high usability, which is consistent with its low FAR, 
depth-based sensing, and strong presentation attack detection. Fingerprint modalities showed 
strong usability but more variability in environmental conditions such as moisture or 
temperature. These patterns do not diminish the security of TouchID or Pixel Imprint, but they 
highlight where design considerations such as guidance during enrollment or adaptive 
thresholding could reduce friction. The framework does not replace traditional biometric 
evaluation; instead, it complements existing methods by offering a more grounded perspective 
on how systems perform during daily use. 
 
A key insight from my study is that user trust is shaped more by lived reliability than by technical 
performance metrics. Participants rarely referenced FAR, FRR, or PAD strength directly. 
Instead, they discussed whether the system “worked when I needed it,” “failed when my hands 
were cold,” or “forced me into a passcode at the wrong time.” These observations suggest that 
future improvements in mobile biometrics may depend on how well systems adapt to 
environmental or physiological variation. This perspective aligns with research showing that 
inclusive enrollment practices and adaptive system behavior can meaningfully reduce both 
failures and user frustration (De Luca et al., 2012; Jain, 2011). 
 
The study also surfaced several practical considerations for system designers. First, fallback 
experiences were influential in shaping overall impressions of trust. Participants accepted 
occasional reattempts but viewed unexpected fallback prompts as disruptive. Second, privacy 
confidence was tied to perceptions of secure hardware storage, suggesting that clear 
communication about template protection may improve user attitudes. Third, ecological factors 
such as lighting, motion, and temperature influenced friction patterns, reinforcing the importance 
of evaluating biometric systems under varied conditions rather than relying solely on laboratory 
data. 
 
Rebuttals 
Reviewers raised the concern that survey-based user experience data might simply reflect 
expectations shaped by device ecosystem rather than actual performance differences. This is a 
valid alternative interpretation. While the study incorporated field measurements to reduce this 
effect, it cannot fully separate perception from prior experience. However, the consistency 
between participant logs and reliability ratings suggests that the usability results reflect 
meaningful observations rather than ecosystem loyalty alone. 
 
Another potential rebuttal is that the composite scoring framework may obscure important 
distinctions by normalizing all metrics to a single scale. While this is a limitation of any 
composite index, the purpose of the framework is not to rank modalities universally. Instead, it is 
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designed to provide a balanced view that reveals where technical strength aligns with or 
diverges from user perception. The individual components remain visible, so practitioners can 
interpret the underlying metrics directly. 
 
A third concern relates to ecological validity. Because the study relied on self-reported 
contextual data and moderate-scale field logging, the observations reflect the environments of 
the sampled participants rather than all possible usage contexts. This limitation is addressed by 
interpreting friction patterns descriptively rather than causally. The findings suggest where 
environmental and behavioral factors are likely to matter, but they do not claim complete 
coverage. 
 
Validity Considerations 
Several factors strengthen the validity of the findings. The study draws from established 
standards such as NIST SP 800-63B and ISO/IEC 30107, ensuring that the security evaluation 
is grounded in widely accepted criteria. The integration of field measurements with survey data 
provides behavioral context and reduces the risk of overreliance on subjective ratings. 
Additionally, the scoring framework uses normalization to reduce bias introduced by cross-
source performance reporting. 
 
At the same time, the study faces limitations. FAR and FRR values are taken from published 
evaluations and vendor disclosures, which may vary in methodology. The field measurements 
rely on participant accuracy in logging unlock attempts, and environmental observations are not 
instrumented. These limitations are common in human-centered authentication research and 
indicate areas where future work could incorporate controlled experimentation or automated 
logging systems. 
 
Overall, the Discussion supports the central claim by demonstrating that biometric quality 
depends on both technical resilience and consistency during daily interactions. Improvements in 
mobile biometric systems may therefore come from adaptive behavior, clearer communication, 
and more inclusive design rather than from increasing raw sensor performance alone. 
 
 

Conclusion 
This study set out to understand how the security and usability of mobile biometric 
authentication can be evaluated together rather than as separate concerns. By integrating 
standards-based indicators with real user experience data, the work demonstrates that the 
technical strength of a biometric system does not fully determine how secure or trustworthy it 
feels during daily use. The findings support the central claim that mobile biometrics have 
reached a stage where further improvements are more likely to come from design decisions, 
adaptive system behavior, and clear communication rather than from continued increases in 
sensor resolution or matching algorithm complexity. 
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The combined scoring framework highlights where modalities align with user expectations and 
where they diverge. FaceID, TouchID, and Pixel Imprint all satisfy the criteria for AAL2 
authentication, yet their real-world performance differs in ways that matter to users. Depth-
based facial recognition shows stronger resistance to spoofing and smoother behavior across 
varied conditions, while fingerprint systems remain sensitive to moisture, temperature, and 
changes to the skin surface. These differences do not undermine the security of fingerprint 
modalities, but they illustrate how environmental factors and enrollment quality influence both 
friction and perceived reliability. The framework helps reveal these patterns without replacing 
traditional biometric evaluation. 
 
User responses showed that trust is shaped most directly by consistency and ease of recovery. 
Participants cared less about FAR or FRR values and more about whether the system worked 
without interruption when they needed it. This emphasizes the importance of focusing on 
interaction design, fallback flow, and predictable behavior under non-ideal conditions. These 
aspects of biometric authentication are not captured in technical metrics alone, yet they play a 
central role in shaping whether users view a system as dependable. 
 
The study also identifies areas where communication and transparency can influence 
outcomes. Participants expressed higher privacy confidence when they understood that 
biometric templates were stored securely in hardware rather than in the cloud. Clearer 
communication about how biometric data is protected could therefore improve user attitudes 
without requiring any changes to sensor technology. 
 
Although the research integrates multiple data sources, it also faces limitations. Published FAR 
and FRR values vary in methodology, and self-reported field measurements cannot capture 
every contextual factor that influences performance. These limitations point to opportunities for 
future work that incorporates controlled experimentation, automated unlock logging, or 
longitudinal tracking across device updates and environmental conditions. Future research may 
also explore adaptive thresholding, multimodal authentication strategies, or inclusive enrollment 
techniques that reduce friction across a wider range of users and settings. 
 
Taken together, the results show that biometric authentication is most effective when it balances 
strong technical safeguards with predictable, low-friction interactions. Security is strengthened 
not only through algorithmic performance but also through reliability, transparency, and the 
degree to which authentication becomes an unobtrusive part of the task. As mobile devices 
continue to integrate biometrics into everyday workflows, evaluating systems through both 
security and user-centered perspectives will be essential for building trust and delivering 
authentication experiences that support rather than interrupt the everyday routines in our daily 
lives. 
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Abstract 
Generative AI (GenAI) is transforming how software organizations produce and communicate information, 
quickly creating new artifacts once tied to specific roles–such as code, requirements, diagrams and 
summaries–by individuals outside those traditional owned domains. This thesis conducts an early empirical 
probe by examining whether GenAI adoption is reshaping the boundaries in three leadership roles–Engineering 
Managers, Product Managers and Technical Leaders–by focusing on three constructs derived from Role 
Theory: Role Overlap, Communication and Governance. A quantitative survey was administered to software 
leaders measuring perceptions of decision autonomy, communication changes and accountability maturity. 
Results from all 11 participants indicate slight signs of role overlap, suggesting only modest indicators that 
GenAI influences decision boundaries and escalation patterns and Engineering Managers being the group most 
affected. Communication clarity showed the strongest positive score suggesting that GenAI might be enhancing 
communication, while governance maturity was weakest, reflecting limited criteria and transparency for 
AI-assisted decisions and suggesting a need for more robust organizational governance. 
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1. Introduction 
The software engineering industry has repeatedly reorganized itself around new technologies and frameworks 
that promised faster, better delivery. From waterfall to Agile, Scrum, DevOps, and microservices, each wave has 
reshaped how teams are structured and how responsibilities are distributed [1].Yet most of these shifts, while 
significant, have not succeeded in permanently eliminated role ambiguity – the persistent uncertainty about who 
owns which decisions or outcomes within the whole software development lifecycle [2]. Instead, they have 
created cycles of overlap, redefinition, and adjustment. Today, the rise of GenAI, including large language 
models and autonomous AI agents, represents a new disruptive wave of reshape force. But unlike previous 
shifts, they are now changing who performs knowledge tasks once tied to specific roles, introducing new forms 
of overlap and uncertainty. [3],[4] 
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In many organizations, particularly in the post pandemic context, strict adherence to SDLC frameworks has 
already weakened [5], [6], [7], Some financial technology companies have abandoned SCRUM and prescribed 
roles entirely for e.g by eliminating the Scrum Master role, some other do not apply classic Waterfall and its 
extensive definition on Roles, such as SW Architect, Analysts, Testers, etc. In fast forward companies such as 
Startups and FinTechs hybrid and new role approaches are the norm: Technical Leads step into management 
functions, Engineering Managers handle product responsibilities, and Product Managers sometimes drift into 
implementation work.  

GenAI tools like AI enabled IDEs and early agent based systems are blurring these industry role boundaries [8], 
[9], [10]. Tasks that once required deep technical involvement, such as generating full production ready 
applications, prototyping features, or analyzing code for vulnerabilities, can now be handled by non-specialists 
with minimal effort and no domain expertise, further eroding traditional distinctions between development, 
product and leadership functions. This introduces a tension. GenAI empowers individuals to stretch beyond 
their traditional boundaries, promising efficiency and faster iteration. Yet it also introduces role ambiguity and 
misaligned expectations. This ambiguity becomes harmful when GenAI artifacts bypass the expertise required in 
expert core software engineering disciplines such as testing, architecture, security, maintainability, performance 
and systems thinking. When no single role is clearly accountable, defects and blind spots can propagate into 
production, resulting in fragile systems and inconsistent software architectures. In regulated industries such as 
finance and healthcare, this ambiguity can translate into measurable harm, including compliance violations, 
financial losses and patient safety risks.[11] 

Software engineering relies on clear boundaries of responsibility. When engineering leadership, product and 
technical roles overlap, misalignment cascades into delivery delays, decision making bottlenecks, adding 
potential risks[18]. If AI adoption proceeds without thoughtful analysis and integration of risk mitigation 
mechanisms such as governance structure  into organizational and software design, companies may find 
themselves repeating the same cycle of hype driven reorganization without resolving the core issue of structural 
clarity.  Organizations risk undermining role clarity and communication patterns if they do not intentionally 
address how GenAI should fit within existing leadership structures. 

1.1 Thesis Statement 

The core of this thesis is to examine if current empirical research shows increasingly reported role overlap and 
accountability ambiguity among software-engineering leadership roles, driven by GenAI tools that automate 
role-specific artifact creation. This thesis doesn’t aim to design or propose any framework (governance, 
accountability, communication), as designing such it's intentionally left out of the scope. Instead it focuses on 
analyzing the current state of the problem by examining the relationships that define leadership for e.g how role 
overlaps, how communication clarity is shaped and whether governance maturity are in place, and whether 
meaningful relationships among these three constructs can be observed. 
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1.2 Research Objectives 
1. Quantifiable evidence from surveys, of the newly perceived level of risks and threats on different 

constructs, roles and types of software product organizations where GenAI is already being used. 
2. To measure how GenAI tools have reshaped perceived role expectations, particularly regarding decision 

autonomy, decision criteria, and the distribution of decision-making authority across engineering 
leadership roles Engineering Managers, Product Managers, and Staff Engineers. 

3. To examine whether the introduction of GenAI artifacts has increased role ambiguity, especially in areas 
where decision ownership, accountability, and boundary definitions have become less clear. 

4. To evaluate changes in communication behaviors among leadership roles by assessing whether 
AI-generated summaries, reports, or coordination artifacts have improved or reduced clarity, efficiency, 
and trust in cross-functional communication. 

5. To assess the maturity of governance structures surrounding AI-assisted decision-making, including the 
presence of explicit criteria for autonomous AI suggestions, transparent documentation practices, and 
formal escalation mechanisms when AI outputs conflict with human judgment. 

6. To examine how perceptions of role overlap, communication clarity, and governance maturity relate to 
one another in the context of GenAI adoption, using correlational analysis to identify whether changes 
in one construct are associated with shifts in the others. 

 
To investigate how GenAI is reshaping leadership boundaries, this study employed a quantitative survey based 
empirical methodology. A structured instrument of questions was designed using the GQIM framework[12] to 
elicit data from three core constructs central to leadership boundary shifts: decision rights, communication 
clarity and accountability mechanisms. The survey was administered to three key leadership roles in modern 
software engineering organizations. This methodological approach allowed for systematic, empirical 
measurement of perceived changes in leadership roles and responsibilities in the presence of GenAI systems. 
 
In summary, the results of this study show that while GenAI has begun to blur boundaries across 
software-engineering leadership roles, the degree of perceived role overlap remains modest rather than extreme. 
However, Engineering leaders consistently report growing ambiguity in accountability and uneven 
communication clarity when AI-generated artifacts bypass traditional coordination processes. The findings also 
reveal emerging but noticeable relationships between role overlap, clarity of communication, and the presence of 
governance maturity, suggesting that organizations adopting GenAI without explicit structures may face rising 
ambiguity even if current levels are not yet severe. The decision to narrow the scope to leadership roles is 
intentional, addressing the existing gap in studies focusing predominantly on software developer roles. By doing 
so this work provides early data on how GenAI adoption reshapes the definition and practice of leadership in 
software organizations. The findings aim to support future research efforts and serve as a basis for developing 
new frameworks aligned with the realities of GenAI assisted work. 
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2. Background 
To understand how GenAI is reshaping software-engineering leadership roles, this section outlines the 
foundational concepts that define how modern software organizations traditionally operate. It reviews how 
SDLC frameworks establish role boundaries, describes key leadership roles in software development and 
introduces the theoretical context relevant to this study. These elements will provide the necessary context for 
analyzing how GenAI interacts with existing expectations and responsibilities. GenAI refers to machine learning 
tools capable of producing new content, including documentation, code, and a wide range of artifacts[23]. 
These tools are transforming software engineering activities by producing at a quick rate artifacts such as 
requirement drafts, design documents, code segments, and analytical summaries—tasks traditionally associated 
with specific domain expertise roles. As a result, GenAI introduces artifacts that directly intersect with 
established leadership responsibilities, raising questions about decision authority, validation, communication 
clarity, and accountability. 

2.1 Foundational concepts  
Modern software organizations rely on a range of SDLC frameworks such as Waterfall, RUP, SCRUM and 
hybrid agile variants. While these frameworks differ in processes and style, they share a common function: they 
define in their guidelines how work is coordinated for e.g in SCRUM Product Owners define and prioritize 
requirements while development team is responsible for translating those requirements into technical 
specifications and review the code associated to those, who holds decisions rights in different phases of 
development and how communication flows across throughout all the actors of the development cycle..  
 
The actors of these frameworks are assigned to roles. Responsibilities such as requirements definition, 
architectural decision making, implementation, testing and quality assurance are distributed across these distinct 
roles. Scrum for example formalizes roles such as Product Owner, Development Team and Scrum master; 
Waterfall typically distinguishes  Business Analysts, System Architects and Project Managers. 
 
What matters for this thesis is not the operational aspects of those frameworks, but the boundaries in roles, 
communication and governance they create. SDLC frameworks function  as containers of expectations, 
specifying who makes decisions, how information moves between roles and how leadership coordinates with 
teams. These boundaries historically helped maintain clarity and accountability across the software development 
lifecycle. 

2.2 Software Leadership Roles in Modern Engineering Organizations 
Beyond the formal roles defined by SDLC frameworks, modern software organizations rely on a set of leadership 
roles that coordinate strategy, technical direction, and team execution. Software leadership refers to the positions 
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responsible for translating business goals into product outcomes, providing technical judgment at scale, and 
ensuring effective collaboration among cross-functional teams. Unlike traditional management structures, 
leadership in modern software engineering is distributed across multiple roles rather than concentrated in a 
single hierarchical position.  
 
Software leadership typically emerges across three complementary domains, People and Execution leadership, 
which ensures teams can execute effectively and sustainably, Product leadership, which defines what should be 
built and why and Technical leadership, which determines how solutions should be architected and 
implemented. These domains correspond broadly to the roles of Engineering Manager, Product Manager and 
Staff Engineer.[17] Each role shapes decision-making, communication patterns, and accountability structures in 
different yet interdependent ways. Because their influence is distributed rather than strictly hierarchical, software 
leadership depends heavily on clear role boundaries, shared expectations, and well-defined decision rights. 
 
This structure makes software leadership sensitive to shifts introduced by GenAI systems. As AI tools 
contribute to requirements, contribute to technical reasoning, code, and knowledge synthesis, they introduce 
new artifacts that interact with existing leadership responsibilities. Understanding software leadership as a 
multi-role, boundary-dependent system is therefore essential to analyzing how GenAI may alter the 
coordination, authority, and accountability structures within software engineering organizations. 

2.3 Engineering Manager Role 

The Engineering Manager (EM) role is not formally defined in SDLC frameworks but has become a central 
leadership position in modern software organizations. EMs operate above the day-to-day development process 
to ensure delivery, engineering quality, and team health. Their responsibilities span people management, 
coordination of execution, and alignment of technical efforts with organizational goals [20]. Because EMs 
authority depends on both technical judgment and interpersonal leadership rather than rigid procedural 
definitions, this role is particularly sensitive to shifts in how work is produced and validated through GenAI 
systems. 

2.4 Product Manager Role 

Like the EM, the Product Manager (PM) role exists outside formal SDLC definitions. PMs provide strategic 
direction by translating business objectives, customer needs, and market insights into product decisions. They 
shape priorities, define requirements, and mediate information flow between business and engineering teams. 
[21] This makes their work highly dependent on clear communication and accurate synthesis of knowledge. As 
GenAI systems are used by other roles such as EMs or engineers to generate requirement drafts , backlog items, 
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and summarizations traditionally crafted by PMs, the boundaries between those roles become less distinct, with 
implications for coordination and ownership. 

2.5 Technical Leader/Staff Engineers Role 

Technical leadership—often represented by Staff or Principal Engineers—has also emerged through 
organizational practice rather than SDLC frameworks. These leaders serve as technical authorities responsible 
for system architecture, technical strategy, cross-team alignment, and the long-term quality of engineering work. 
Their influence is based on expertise and architectural reasoning rather than formal managerial power[22]. 
Because their work depends on deep technical analysis, the introduction of GenAI systems that produce code, 
architectural suggestions, and design alternatives directly interacts with their domain of influence, raising 
questions about authority, validation, and the legitimacy of AI-assisted decisions. 

2.6 Role Boundaries and Leadership expectations 

These three software-engineering leadership roles have traditionally maintained clearly defined responsibilities 
with minimal overlap, largely because each relied on distinct yet interdependent expectations. These 
expectations—about decision-making, communication, and ownership—form the underlying structure that 
enables coordination within software organizations. They act as informal boundaries that guide how leaders 
interpret their responsibilities and how teams align their work. When these boundaries shift or become unclear, 
even small disruptions in how work is produced or interpreted can introduce ambiguity across the system. As a 
result, leaders experience uncertainty about who should make which decisions, what information needs to be 
communicated, and where accountability ultimately resides—conditions known to create coordination 
challenges in organizational settings.[18],[19] 

3. Related Work 

3.1 State of the Art 
The integration of GenAI  into software engineering has prompted significant research into how AI reshapes 
occupational identity, leadership boundaries, and organizational coordination. Schmitt et al. [3] show that the 
widespread availability of GenAI-based tools capable of complex tasks creates tensions in professional identity 
across engineering roles. Their study reveals that engineers engage in identity work -how individuals actively 
construct and negotiate their professional identities in response to shifting expectations or disruptions on their 
roles [16] to preserve competence and autonomy, with junior practitioners limiting AI use to protect learning 
opportunities and senior engineers redirecting automation toward routine tasks. These diverging strategies 
widen generational gaps in shared understanding. Crucially, the authors demonstrate that AI does not 
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inherently de-skill the workforce; instead, organizational identity protection mechanisms determine whether 
expertise is preserved. This insight reinforces the need for formal governance artifacts, such as role clarity 
documents and decision-approval gates, to prevent informal AI-driven role ambiguity. 
 
Survey-based evidence from Zakharov et al. [4] complements this perspective by identifying two stable mental 
models through which practitioners conceptualize AI: Support Roles (assistant, tool, reference guide) and 
Expert Roles (advisor, reviewer, problem-solver). These clusters are distinct yet frequently co-occurring, 
indicating that engineers often expect both precision and advisory behavior from AI systems. This dual 
attribution is highly relevant to organizational governance: unclear expectations about whether AI should act as 
a tool or an expert can blur decision rights, create inconsistent escalation patterns, and weaken accountability 
across product, engineering, and technical leadership roles. 
 
Finally, Mastropaolo et al. [13] argue that while AI assists with task organization and analytics, leadership 
activities—such as negotiation, conflict resolution, and adaptive judgment—remain inherently human. 
Delegating these responsibilities to AI introduces significant risk, especially in environments with complex 
dependencies and interpersonal dynamics. Their work directly supports the thesis argument that GenAI 
adoption can create leadership ambiguity unless organizations explicitly define which decisions require human 
judgment and which can be AI-assisted. Together, these studies show that AI affects not only task execution but 
also leadership legitimacy, decision boundaries, and accountability structures. This thesis extends the literature 
by empirically examining how GenAI influences role overlap, communication clarity, and governance maturity 
across leadership roles. 

3.2 Gaps and Open questions 
Prior research explored in the Related Work section has primarily examined how GenAI affects individual 
software engineers—their tasks, identity, and perceptions of AI-enabled work. However, these studies leave a 
notable gap concerning leadership roles in software organizations, particularly in the areas of communication 
dynamics, strategic alignment, decision rights, and accountability for AI-influenced outcomes. Leadership 
positions such as EMs, PMs, and Staff Engineers are ultimately responsible for guiding organizational direction, 
ensuring technical decisions align with business objectives, and preserving coherence across cross-functional 
teams. Yet, little empirical work has analyzed how GenAI alters the boundaries, expectations, and coordination 
mechanisms among these leadership roles. 
 
This gap raises a central open question: How should software leadership adapt their coordination practices, 
decision-making structures, and governance maturity in response to the growing presence of GenAI and 
Agentic AI systems? More specifically, how do managers redefine role boundaries, clarify accountability, and 
maintain communication clarity as AI-generated artifacts increasingly influence strategic and technical 
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decisions? These questions motivate the present study, which seeks to quantify emerging changes in role overlap, 
communication clarity, and governance maturity across leadership roles. 

4. Methodology 

4.1 Research Design and Justification 
This study uses a quantitative survey based on empirical research to examine how GenAI influences leadership 
boundaries in software engineering organizations. The survey method enables a systematic measurement of the 
leadership concepts central to understanding boundary reshaping means for leadership; role overlap, 
communication clarity and governance maturity. The survey format is developed using the Goal, Question, 
Indicator, Metric (GQIM)  framework [12] to ensure methodological output. The instrument consisted of 
fifteen Likert-scale items questions, five per each selected leadership construct, administered to three leadership 
roles: EMs, PMs and Staff Engineers. 

4.2 Settings and Participants 
The survey targeted three leadership roles that collectively define the core decision-making structure of software 
organizations: EMs, PMs, and Staff Engineers. These roles regularly interact with PRDs (Product Requirement 
Definitions), ADRs (Architectural Decision Records), technical summaries, and code contributions—artifacts 
that GenAI tools increasingly generate, modify, or summarize. Their involvement makes them uniquely 
positioned to evaluate shifts in role boundaries. To ensure participants could meaningfully assess these changes, 
the inclusion criteria required at least 3 years of total industry experience, at least 5 years in technical leadership 
and a minimum of 12 months exposure to GenAI tools and generated artifacts. 

Participant Type Description 

Engineering Manager (EMs) Represents the operational leadership role 
responsible for people management, technical 
delivery, and execution towards goals decisions. 

Product Manager (PMs) Represents business alignment, product long term 
vision and prioritization alignment. 

Technical Leader (Staff Engineer) Senior technical leaders and architecture stewards, 
bridging the gap between technical feasibility and 
business savvy goals. 

Table 1. Participant Type. Collectively, these roles will provide a triangulated perspective on how GenAI is 
altering the distribution of decision rights, communication channels and accountability mechanisms.  
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4.3 Data Sources 
A total of 11 participants participated,  representing primarily the three professional roles that this study 
considered central to software engineering leadership. The 15 items were organized in three selected constructs. 
Each item is explained through the GQIM framework to define a goal for each construct and how they will be 
measured. Questions are defined by the items of the survey in Table 4. Metrics are defined. Each question was 
measured using a five point likert scale (1= Strongly Disagree, 5= Strongly Agree). This scaling enables ordinal 
comparison of perceptions across leadership roles. Responses will serve as quantitative indicators for each 
construct . 

4.3.1 Survey Constructs. 

 

Construct  Goal of the Construct Indicators 

Governance 
Maturity 
 
 

Identify whether AI tools redistribute or 
obscure decision ownership among leadership 
roles 

Frequency of perceived autonomy, 
clarity of authority boundaries, 
frequency of escalation conflicts. 

Communication 
Clarity  

Examine if Gen-AI artifacts alter 
communication patterns such as collaboration 
frequency, information quality or friction 
augmentation. 

Frequency of AI mediated 
communication, Perceived clarity, 
Confidence in AI summaries 

Role Overlap Determine if Gen-AI is creating role overlap 
among participants. 

Frequency of perceived role 
overlapping in existing 
responsibilities 

 
Table 2. Survey items Constructs. The selected constructs—Role Overlap, Communication Clarity, and 
Governance Maturity—capture distinct mechanisms through which GenAI reshapes leadership boundaries. 
 
Role Overlap captures the way GenAI blurs decision boundaries by producing artifacts that traditionally 
signaled ownership (PRDs, ADRs, code, summaries). If multiple leaders can now generate or alter these 
artifacts, it becomes harder to tell who initiates, who decides, and who is expected to act. Prior research shows 
that when role expectations and boundaries lose definition, ambiguity and coordination challenges emerge 
[18].Measuring perceived shifts and boundary blurring lets us see whether overlap is actually happening in 
day‑to‑day work. 
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Communication Clarity is essential for examining how AI-generated summaries, reports, or analyses alter the 
quality and reliability of cross-functional communication. High performing teams depend on leadership 
coordination based on accurate interpretation of information, shared context, and trust in message intent[17]. 
The survey indicators under this category focus on whether GenAI artifacts enhance or complicate signal clarity, 
reduce the need for human interaction, and affect alignment between roles. 
 
Governance Maturity assesses the extent to which organizations have established transparent criteria and 
escalation mechanisms for AI-assisted decisions. As AI systems increasingly influence leadership judgment, 
governance structures determine how accountability is maintained and how conflicts between human and AI 
recommendations are resolved. Modern reliability-engineering practices highlight the importance of clear 
escalation paths, decision authority, and accountability mechanisms for managing automated and 
human-in-the-loop decisions in complex systems [19]. Survey items for this category capture perceptions of 
decision-making safeguards, responsibility assignment, and procedural transparency. 
 
Together, these three constructs enable a structured assessment of how GenAI reshapes leadership interactions 
across organizational, communicative, and accountability dimensions. 

4.3.2 Structure of the Survey 

Fifteen survey items were developed—five for each of the three constructs: Role Overlap, Communication 
Clarity, and Governance Maturity. Using five items per construct provides enough breadth to capture the 
different facets of each construct while ensuring that scores can be compared reliably across them. At the same 
time, limiting the instrument to fifteen Likert-scale items keeps the respondent burden low: participants can 
typically complete the survey in two to five minutes 
 

Survey Items Definition 

1. Role Overlap Items 2. Communication Clarity Items 3. Governance Maturity 
Items 

AI enabled tools have changed the 
level of autonomy I have in 
making key decisions within my 
role 

AI driven artifacts have enabled 
communication among leadership 
position roles in my organizations 

When AI-supported decisions 
lead to issues, responsibility for 
outcomes clearly assigned within 
my organization 

The boundaries of decision 
ownership in my team have 
become less clear since the 
introduction of AI systems 

The use of AI generated summaries 
or reports has improved the clarity of 
cross-functional communication 
from leadership 

My organization has explicit 
criteria for determining when AI 
systems can make or suggest 
decisions autonomously 
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The distribution of 
decision-making among EMs, 
PMs, and Staff Engineers has 
shifted due to AI adoption 

GenAI content has reduced the need 
for direct human interaction among 
leadership members 

My organization maintains 
transparent records explaining 
how AI-assisted decisions are 
made. 

AI output artifacts have 
influenced which decisions are 
escalated to higher management 

I trust GenAI communications to 
accurately represent the intent and 
context of the expected messages 

There are formal escalation 
procedures when AI-assisted 
recommendations conflict with 
human judgment. 

The presence of AI systems has 
increased uncertainty about who 
is accountable for critical 
decisions. 

The frequency and format of 
coordination among product, 
engineering and leadership has 
changed since the introduction of 
GenAI artifacts/tools 

The introduction of AI decision 
support has strengthened overall 
accountability across leadership 
roles. 

Table 3 . Survey items definition.  

4.4 Collection Procedures 
Data was collected through a structured online survey distributed via Google Forms to selected leadership roles 
across two different software engineering organizations. Responses were anonymized and recorded for 
quantitative analysis. A total of 11 people participated in the survey. Although a small sample, this size was 
appropriate for the exploratory nature of this study, given the limited availability of leadership roles such as EMs, 
PMs, and Staff Engineers, as well as the selected inclusion criteria requiring meaningful exposure to 
GenAI-assisted workflows. All anonymized raw data is available in public GitHub repositories in CSV format. 
For full reproducibility, the Appendix includes the results file and the spreadsheet generated with the 
computations presented in detail in the Analysis methods section. 
 

Role Domain Expertise Count Percentage 

Product Manager >3,<5 4 36% 

Engineering Manager >5,<15 4 36% 

Staff Engineer >5,<15 3 27% 

 
Table 4. Total Number of Respondents by role 
 
 
Table 6 shows the targeted total survey respondents across leadership roles (N = 11). PMs constituted the largest 
share (36 %, n = 4) along with EMs (36 %, n = 4). Staff Engineers were the minor share (27 %, n = 3). Regarding 
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expertise, EMs and Staff engineers accounted for the most years of experience in the industry, with above 5 years 
and at least 15 years of experience. Expertise data is included to contextualize respondents' backgrounds, 
however it is not directly related to any analysis in this study. 

4.5 Analysis Methods 
This study analyzed the survey using descriptive statistics and correlation methods appropriate for small-sample 
ordinal data. The analysis proceeded in a structured sequence aligned with the construction of the three indices. 

4.5.1 Compute Item Means. 

For each of the 15 survey questions, the mean response was calculated across all participants. This provided an 
item-level view of how respondents rated each statement related to Role Overlap, Communication Clarity, and 
Governance Maturity. 

4.5.2 Compute Construct Indices. 

After reviewing item-level patterns, the construct indices scores were derived. Each construct index—Role 
Overlap, Communication Clarity, and Governance Maturity—is represented by a number that was computed 
by averaging the five item means within each construct. Because all items used a 1–5 Likert scale (1 = strongly 
disagree, 5 = strongly agree), the resulting indices reflect the collective strength of agreement that GenAI is 
influencing each construct. 

4.5.3 Compute Per-Role Indices. 

To compare perceptions across leadership roles, item means were also calculated separately for Engineering 
Managers, Product Managers, and Staff Engineers. Then each construct’s per-role index was then computed by 
averaging the five question means for that role. This breakdown allows comparison of how different leadership 
groups perceive changes in role boundaries, communication patterns, and governance maturity. 

4.5.4 Correlation Analysis. 

Finally, Spearman’s rho (ρ) [14],[15] was used to assess monotonic relationships among the three constructs. 
This method is appropriate for small-sample ordinal datasets (n = 11) and does not require assumptions of 
normality or linearity. The resulting correlation matrix offers an exploratory view of how shifts in one construct 
correspond to ranked shifts in another, interpreted cautiously due to sample size. 
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5. Results 
This section presents the results of the Leadership Role Accountability in the Era of GenAI survey. It begins 
with the overall construct scores for Role Overlap, Communication Clarity, and Governance Maturity, followed 
by the item-level results that show how individual survey items contributed to each construct. The section then 
compares these constructs across leadership roles and concludes with the correlations observed among them. 
Together, these results provide an empirical view of how software engineering leaders perceive GenAI’s impact 
on role boundaries, communication, and governance. 

5.1 Construct Index Summary  

 
Figure 1. Overall Indices Results Chart.  
 
The chart summarizes the construct indices for the three main constructs evaluated in the survey. The Role 
Overlap index reaches 2.81, a value that is slightly below the 3.0 neutral midpoint of the 1-5 scale, indicating 
near neutral perceptions. The Communication Clarity index shows the highest score at 3.05, slightly above 
neutral. Governance Maturity is the weakest construct, with an index of 2.16, reflecting a general tendency 
toward disagreement. 
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5.2 Role Overlap Results 

5.2.1 Overall Role Overlap Index 

Role Overlap Survey Items Index 

I1:AI enabled tools have changed the level of autonomy I have in making key decisions within my role 3.09 

I2: The boundaries of decision ownership in my team have become less clear since the introduction of AI 
systems 2.45 

I5: The distribution of decision-making among Engineering Managers, Product Managers, and Staff 
Engineers has shifted due to AI adoption 2.9 

I3: AI output artifacts have influenced which decisions are escalated to higher management 3 

I12: The presence of AI systems has increased uncertainty about who is accountable for critical decisions. 2.63 

Overall Role Overlap Index 2.81 

Table 5. Role Overlap Index Table. 

Across the full sample of respondents (n = 11), the Role Overlap Index averaged 2.81, indicating a near-neutral 
pattern with a slight tendency toward agreement that AI adoption may be altering role autonomy, decision 
boundaries, escalation dynamics, or accountability clarity. 

5.2.2 Role Overlap Index by Leadership Role 

 

Figure 2. Role Overlap Index per Role Results Chart.  
 
 

17 



Software Leadership Role Accountability  
in the Era of Generative AI 

 
 

 
Engineering Managers report the highest overlap at 3.5, indicating a tendency toward agreement. Product 
Managers show a lower value of 2.2, indicating a tendency toward disagreement. Staff Engineers fall in the 
middle at 2.8, a value that sits close to neutral. 
 

Role I1 I2 I5 I3 I12 
Role Overlap 

Index  

Engineering Manager (n=4) 3.5 3.75 3.5 3.3 3.5 3.5 

Product Manager (n=4) 2.5 1.5 2.0 3.0 1.8 2.2 

Staff Engineer(n=3) 3.3 2.0 3.3 2.7 2.7 2.8 

 
Table 6. Role Overlap Index per Role: Item Breakdown.  

5.3 Communication Clarity Results 

5.3.1 Overall Communication Clarity Index 

Communication Clarity Survey Items Index 

I6: AI driven artifacts have made communication easier among leadership position roles in my organizations 3.45 

I7: The use of AI generated summaries or reports have improved the clarity of cross-functional 
communication from leadership 3.82 

I8: GenAI content has reduced the need for direct human interaction among leadership members. 2.27 

I9: I trust GenAI communications to accurately represent the intent and context of the expected messages 2.73 

I10: The frequency and format of coordination among product, engineering and leadership has changed since 
the introduction of GenAI artifacts/tools.  3.00 

Overall Communication Clarity Index 3.05 

Table 7. Communication Clarity Index Table. 

Across all respondents, the overall Communication Clarity Index was 3.05, reflecting a slightly above-neutral 
value indicating modest agreement that AI-driven summaries, artifacts, and automated content have influenced 
communication clarity, interactions, and coordination patterns. 
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5.3.2 Communication Clarity by Leadership Role 

 

Figure 3. Communication Clarity Index per Role Results Chart.  

Engineering Managers report the lowest value at 2.35, indicating a tendency toward disagreement. Product 
Managers report a higher value of 3.3, indicating slight agreement. Staff Engineers show the highest value at 
3.67, indicating a clearer tendency toward agreement. 

Role I6 I7 I8 I9 I10 
Communication 

Clarity Index  

Engineering Manager (n=4) 2.5 3 1.75 1.5 3 2.35 

Product Manager (n=4) 4 4.25 2.25 3.75 2.25 3.3 

Staff Engineer (n=3) 4 4.33 3 3 4 3.67 

 
Table 8. Communication Clarity Index per Role: Item Breakdown. 
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5.4 Governance Maturity Results 

5.4.1 Overall Governance Maturity Results 

Governance Maturity Survey items Index 

I4: My organization has explicit criteria for determining when AI systems can make or suggest 
decisions autonomously 2.18 

I11:When AI-supported decisions have led to issues, responsibility for outcomes is clearly assigned 
within my organization 2.18 

I13: My organization maintains transparent records explaining how AI-assisted decisions are made. 1.64 

I14: There are formal escalation procedures when AI-assisted recommendations conflict with human 
judgment. 2.18 

I15: The introduction of AI decision support has strengthened overall accountability across 
leadership roles. 2.64 

Overall Governance Maturity Index 2.16 

 
Table 9. Governance Maturity Index Table.  
Across all respondents, the overall Governance Maturity Index was 2.16, indicating a tendency toward 
disagreement that the organization maintains clear criteria, transparent records, explicit responsibility pathways, 
and formal escalation procedures for AI-assisted decisions. 

5.4.2 Governance Maturity by Leadership Role 

 
 
Figure 4.  Governance Maturity Index per Role Results Chart.  
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Engineering Managers report the lowest value at 1.75, indicating a stronger tendency toward disagreement. 
Product Managers report a higher value of 2.35, indicating a mild tendency toward disagreement. Staff 
Engineers show the highest value at 2.87, a score that sits close to neutral. 
  

Role I11 I4 I13 I14 I15 
Governance Maturity 

Index 

Engineering Manager (n=4) 1.5 3.25 1.25 1.25 1.5 1.75 

Product Manager (n=4) 2.5 2.25 1.75 2.25 3 2.35 

Staff Engineer (n=3) 2.67 2.67 2.00 3.33 3.67 2.87 

Table 10. Governance Maturity Index per Role: Item Breakdown.  

5.5 Correlation Analysis Results 

To complement the descriptive analysis and explore relationships among the three constructs, a non-parametric 
analysis was conducted using Spearman’s rho (p). Given the ordinal nature of the Likert-scale responses and the 
small sample size, Spearman’s correlation is an appropriate method for assessing monotonic associations 
between constructs without assuming normality. 
 

Construct Role Overlap Communication Clarity Governance Maturity 

Role Overlap 1 0.21 −0.07 

Communication Clarity 0.21 1 0.33 

Governance Maturity −0.07 0.33 1 

Table 11. Construct Correlation Matrix 

The correlations show that Role Overlap and Communication Clarity have a weak positive relationship (ρ = 
0.21). This value indicates only a minimal association between the two constructs. Likewise, the relationship 
between Role Overlap and Governance Maturity is minimal and slightly negative (ρ = −0.07), indicating no 
meaningful association between these two constructs. In contrast, Communication Clarity and Governance 
Maturity show the strongest association among the three constructs (ρ = 0.33). Although still weak, this positive 
correlation reflects the highest degree of association observed in the dataset. 
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6. Discussion  
The results from the survey provides a descriptive view of how GenAI is reshaping day-to-day leadership 
practices in the software engineering industry. By organizing the 15 items into three constructs—Role Overlap, 
Communication Clarity, and Governance Maturity—the analysis reveals both detailed distribution patterns and 
composite indices summarizing perceptions across leadership roles and sectors. 

6.1 Interpretation 
Role Overlap fell between the two constructs with an overall index of 2.81, reflecting a slight but noticeable shift 
in decision boundaries and autonomy. Respondents reported increased ambiguity regarding who holds decision 
ownership, as well as changes in how decisions are escalated and how accountability is distributed. Although not 
uniformly negative, these patterns point to a reconfiguration of leadership responsibilities driven by the 
integration of AI content into everyday work. 
 
Communication Clarity produced the highest overall index (3.05), indicating that GenAI-generated summaries, 
reports, and artifacts are viewed as supportive of clearer communication among leadership roles. Respondents 
generally agreed that AI tools enhance cross-functional information flow, even though trust in AI-generated 
content and the reduction of direct interaction scored more modestly. 
 
By contrast, Governance Maturity received the lowest overall index (2.16), suggesting that organizations lack 
consistent structures for AI-assisted decision-making. Scores were particularly low for responsibility assignment 
when AI-supported decisions lead to issues and for explicit criteria defining when AI systems may act 
autonomously. These findings indicate that governance maturity has not kept pace with the expanding presence 
of AI artifacts in leadership workflows. 
 
Taken together and analyzing the correlations between the constructs, it is evident the weak association between 
Role Overlap and Communication Clarity (ρ = 0.21) suggesting that ambiguity in decision boundaries 
introduced by GenAI does not inherently impair or improve communication among leadership roles. This 
suggests that communication-related perceptions might benefit from GenAI independently of structural clarity. 
Conversely, the modest relationship between Communication Clarity and Governance Maturity (ρ = 0.33) 
indicates that teams perceiving clearer AI-enabled communication may also feel more confident about emerging 
governance practices. This aligns with literature on AI transparency and cross-functional coordination, which 
emphasizes the role of shared artifacts in stabilizing organizational processes. The negligible relationship between 
Role Overlap and Governance Maturity (ρ = −0.07) further highlights that governance development is not 
directly mitigating ambiguity in leadership boundaries, pointing to a mismatch between AI-driven integration 
and the evolution of accountability mechanisms. 
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Role Analysis 
 
Across the three leadership constructs, respondents showed distinct patterns that reflect how different roles 
experience the influence of GenAI-generated artifacts. EMs reported the highest Role Overlap index (3.5), 
indicating that they perceive GenAI as contributing to blurred boundaries in decision ownership and autonomy. 
This aligns with their hybrid position between organizational alignment and technical oversight. PMs scored 
lower (2.2), suggesting that GenAI does not affect the division of responsibilities between product definition 
and engineering decision support. Staff/Technical Leaders showed a near neutral score (2.8), reflecting moderate 
sensitivity to GenAI outputs that interact directly with architectural reasoning and technical authority. 

For Communication Clarity, consistent perceptions were reported among the surveyed leadership roles, with 
scores ranging around the 2.35-3.67, showing a consistent view that GenAI does improve communication 
clarity with an overall positive construct mean of 3.05.  

Respondents indicated that summaries, automated reporting, and AI-generated documentation improved 
coordination and context sharing, even when broader structural or accountability questions remained 
unresolved. 

In contrast, Governance Maturity displayed the lowest scores across the dataset. Among the three primary 
leadership roles, indices ranged from 1.75 for EMs to 2.87 for Staff Engineers, close to the overall construct score 
of 2.16. Participants consistently noted a lack of clear criteria for AI-supported decisions, limited transparency 
regarding how AI recommendations are produced, and an absence of formal escalation procedures when AI 
outputs conflict with human judgment. This indicates that while GenAI-driven tools are already integrated into 
workflows, organizational governance structures have not yet adapted to support them. 

Correlation Analysis 

The Spearman correlation matrix revealed three relevant relationships. The strongest association was between 
Communication Clarity and Governance Maturity (ρ = 0.33), suggesting that improvements in AI-mediated 
communication may be modestly related to perceptions of stronger governance. Role Overlap and 
Communication Clarity showed a weak positive correlation (ρ = 0.21), indicating that increases in boundary 
ambiguity do not necessarily impede coordination. Role Overlap and Governance Maturity exhibited a weak 
and slightly negative association (ρ = –0.07), reflecting minimal alignment between perceived ambiguity and the 
presence of formal governance structures. 
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Overall, the results present a consistent pattern: 

1. Leadership boundaries are already shifting, with EMs reporting the clearest increases in overlap. 
2. GenAI improves communication efficiency, as reflected in the highest construct score. 
3. Governance structures lag behind GenAI technological adoption, producing the lowest scores. 

Taken together, these findings suggest that GenAI enhances coordination while simultaneously exposing gaps in 
role definition, responsibility assignment, and governance maturity. The coexistence of relatively high 
communication clarity and low governance maturity indicates that organizations may realize short-term 
coordination benefits even as deeper structural uncertainties persist. However, the correlation results show only 
weak relationships among the constructs, and sector differences remain inconclusive, meaning that the evidence 
supports some aspects of this thesis but does not yet demonstrate universal or strongly coupled effects. 

6.2 Unexpected outcomes. 
There is a low correlation between Role Overlap and Governance , which suggests Governance Maturity aren’t 
yet addressing role overlap effectively. While a root cause is beyond the scope of this thesis, a possible cause might 
be current frameworks focus on compliance, not boundary definition. 
Another alternative interpretation is that perceived role overlap might stem from organizational culture or agile 
practices rather than AI itself. This is plausible since both agile and AI adoption emphasize autonomy and 
collaboration. A further confounding factor is the post-pandemic shift toward widespread remote work, which 
may have already been eroding traditional role boundaries as organizations adapted workflows, communication 
channels, and responsibilities. However, responses explicitly referencing AI-generated artifacts such as decision 
summaries or automated reports indicate that, while these broader organizational dynamics may contribute, a 
portion of the observed overlaps is specifically linked to AI-mediated work processes. 

6.3 Rebuttals 
A common criticism is that the sample size (n = 11) is too small to support industry-level generalization. This is 
acknowledged. However, the intent of this study is explicitly exploratory. The goal is to identify early directional 
patterns that can be compared against existing literature on AI-mediated role diffusion, communication shifts, 
and governance gaps—not to produce population-level estimates. Even with a small sample, the trends observed 
are consistent with peer-reviewed research, providing preliminary but meaningful empirical signals. 
Another possible critique is that improved Communication Clarity appears inconsistent with reported role 
ambiguity. The results demonstrate that these can coexist: AI-generated summaries and reports enhance 
surface-level information flow, but they do not resolve deeper questions about decision ownership or 
accountability. Thus, clearer communication does not automatically imply stronger structural alignment, and 
the findings reflect a distinction between operational clarity and organizational clarity. 
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6.4 Counterarguments 
An alternative interpretation is that perceived role overlap could be driven by cultural or methodological 
factors—such as cross-functional agile practices—rather than by AI adoption itself. While this is plausible, the 
survey questions explicitly reference AI-generated artifacts, autonomy shifts, and AI-mediated escalation 
processes. Participants responded in ways that link the observed ambiguity to AI-related changes rather than to 
general agile collaboration dynamics. This suggests that AI is perceived as a contributing factor distinct from 
existing cultural norms. Another alternative explanation is that weak governance maturity (lowest construct 
index) may reflect organizational growth stage or leadership maturity rather than gaps introduced by GenAI. 
However, the items measuring governance maturity refer specifically to AI-assisted decision processes, criteria for 
autonomous system action, transparency of AI-influenced decisions, and accountability when AI outputs lead 
to issues. Responses therefore point toward a governance gap specific to AI integration rather than a general 
structural weakness. 

6.5 Qualifiers  
These results should be interpreted within the context of organizations that are in the early stages of adopting 
GenAI tools into leadership workflows. The patterns observed—slight role overlap, weak governance maturity, 
improved communication—represent early signals rather than fully matured organizational outcomes. 
The study focuses specifically on EMs, PMs, and Staff Engineers as representatives of Technical Leaders. The 
results describe perceptions at this leadership layer and should not be generalized to developer-focused roles or to 
entire organizational structures. While the survey was designed to isolate GenAI-related perceptions, the 
self-reported nature of the data means that causal claims cannot be established. The correlations observed reflect 
associations between constructs rather than directional or causal relationships. 

6.6 Threats to validity 
Several methodological considerations may influence the findings. From a construct validity perspective, relying 
on self-reported Likert-scale assessments introduces common method bias, and respondents may interpret 
constructs differently depending on organizational processes, compliance expectations, cultural norms, or their 
level of exposure to GenAI tools, which affects how terms such as “AI-generated artifacts” or “autonomy shifts” 
are understood. Internal validity is also constrained by factors unrelated to AI, including existing leadership 
dynamics, team maturity, restructuring efforts, and digital transformation initiatives. The post-pandemic shift to 
remote and hybrid work further complicates interpretation, as many organizations adjusted workflows and 
responsibilities in ways that may blur role boundaries independently of AI. External validity is limited by the 
small and uneven distribution of participants across roles and sectors, restricting the generalizability of the 
results. Finally, conclusion validity is affected by the absence of triangulation. The study relies solely on survey 
data, without complementary interviews, artifact analysis, or case studies that could contextualize how leaders 
experience and operationalize AI-related changes. 
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7. Conclusion  

7.1 Industrial Impact 
The findings reveal that GenAI is not only transforming development workflows but also starting to reshape the 
structure of decision making within software organizations. As AI tools increasingly generate artifacts such as 
reports, user stories, and design suggestions, the boundaries between Product Management, Engineering 
Management, and Technical Leadership begin to show early signs of shifting. This shift introduces both 
opportunities and risks, teams gain speed and informational symmetry, but at the expense of clear ownership 
and accountability. For the industry, these insights suggest a need to formalize governance maturity that 
explicitly defines who is accountable for AI assisted decisions and outputs. Without this, organizations risk 
reinforcing ambiguity that slows delivery, weakens compliance, and undermines psychological safety among 
leaders. 

7.2 Theoretical Impact 
From a research standpoint, this study contributes empirical grounding to the emerging discourse on AI 
mediated organizational structures in software engineering. It extends prior work on sociotechnical systems by 
demonstrating that GenAI is not merely a technical enabler but could evolve into a governance actor that alters 
the traditional equilibrium of decision rights. The negative correlation between governance maturity and 
accountability ambiguity offers a limited indication of accountability ambiguity, suggesting a need for clearer 
theories linking organizational clarity with reliability and ethical GenAI use. This opens the call for a new 
theoretical lens that integrates GenAI governance, role theory, and modern software development research, 
bridging management and engineering disciplines. 

7.3 Future Work. 
Further research should focus on replicating these results with larger samples and longitudinal designs to trace 
how governance maturity evolves as AI adoption deepens. Qualitative case studies could explore how leaders 
renegotiate accountability boundaries in real time, particularly during incidents or decision conflicts involving 
AI artifacts. Comparative studies across other sectors such as healthcare, government, or manufacturing would 
help test the domain specificity of these patterns. Additionally, future work could investigate automated 
governance support tools for example, AI systems capable of tracing decision provenance or highlighting 
accountability gaps to operationalize the principles identified here. 
In sum, this research opens a pathway for both practitioners and scholars to understand and design AI aware 
governance models that preserve accountability, foster trust, and sustain effective collaboration across software 
engineering leadership roles. 
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Appendix 

Additional Data Sources 
 
This empirical review was informed by a set of contemporary research papers accessed through digital libraries 
including IEEE Xplore and the ACM Digital Library. While the primary contribution of this thesis is the 
original survey data, these external sources helped to elaborate this study to contextualize the emerging patterns 
observed in leadership perceptions of GenAI. The selected works focus on themes directly relevant to this 
thesis—role reinterpretation, identity dynamics, perceived AI functions within engineering contexts, and the 
organizational implications of AI-supported decision processes. 
 

1. Generative AI in the Software Engineering Domain: Tensions of Occupational Identity and Patterns of 
Identity Protection: Provides evidence on how engineering professionals respond to AI-driven shifts in 
autonomy and competence, offering insight into the identity work and role negotiation processes that 
underlie leadership boundary changes. 

2. LLMs Integration in Software Engineering Team Projects: Roles, Impact, and a Pedagogical Design 
Space for AI Tools in Computing Education: Examines how GenAI tools such as ChatGPT and 
GitHub Copilot shape teamwork, role expectations, and team dynamics in student software 
engineering projects, introducing the idea of GenAI acting as educator, peer, and assistant within 
teams. This work reinforces the notion that AI can function as a quasi-team member, influencing 
collaboration patterns and perceived responsibilities rather than merely serving as a passive coding tool 

3. AI in Software Engineering: Perceived Roles and Their Impact on Adoption: Presents a taxonomy of 
“Support” versus “Expert” AI roles, useful for interpreting leadership perceptions of decision authority, 
human oversight, and accountability in AI-mediated workflows. 

4. From Triumph to Uncertainty: The Journey of Software Engineering in the AI Era : Emphasizes the 
enduring importance of human judgment in leadership, decision-making, and negotiation processes, 
reinforcing the thesis findings regarding the limits of AI delegation and the need for explicit governance 
structures. 

 
These papers do not directly examine communication clarity or accountability maturity in isolation; instead, 
they provide conceptual grounding on how AI reshapes role expectations, decision authority, and leadership 
identity. Their insights informed the construction of survey dimensions and supported the interpretation of 
results concerning role overlap, governance maturity, and cross-functional coordination in AI-enabled 
organizations. 
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Survey Administration Planning 
 
The survey was administered online using Google Forms Platform, in an asynchronous way in the following 
timeframe: 27 October to 31st October 2025. Each participant received an invitation link to participate, with a 
clear description of the study purpose, confidentiality and assurance. Respondents were able to review the 
survey before any submission. To ensure bias minimization, item order was randomized as well as construct 
categories hidden, the description at the beginning of the survey mentioned the constructs summarized though. 
All responses were anonymous and did not contain any Personal Information in order to comply with any 
regulatory risk mitigation measures. 
 
Data collection finalized on 1st November 2025. All selected respondents finished the survey. The results were 
submitted via Google Forms link at “Submit”. Responses were exported in CSV format and processed using 
Google sheets for statistical analysis.  
 

Survey Results Links 
1. CSV Raw Results 
2. Survey Results Summary Spreadsheet 
3. Survey Results Breakdown Analysis Spreadsheet 

 
 
 

 
 

30 





 

An LLM-Based Framework for Automated Data Model 
Generation 
 
Christie Sam 
Software and Societal Systems 
School of Computer Science 
Carnegie Mellon University 
 
 
Abstract 
The manual translation of natural language requirements into technical database schemas 
remains a persistent bottleneck in software engineering, characterized by high costs and 
susceptibility to human error. This research evaluates a novel Large Language Model (LLM) 
framework designed to automate this process using a two-step “Analyst Engineer” 
prompt-chaining architecture. The study tested the framework against ten diverse user 
stories covering both Online Transaction Processing (OLTP) - systems for daily operational 
transactions and Online Analytical Processing (OLAP) - systems for complex data analysis 
and reporting domains, using a blind comparative evaluation with five expert data architects 
to benchmark AI-generated schemas against human-created “Gold Standards”. The results 
demonstrate a significant difference, where the framework achieved a 100% expert 
preference rate for OLTP scenarios but mixed results (60% preference) for OLAP tasks due to 
semantic ambiguities. Despite these variations, the framework successfully reduced the 
aggregate estimated engineering time-to-production by approximately 40%. These findings 
suggest that modern LLMs can function as “interpretive co-designers” that enforces best 
practices, shifting the data architect’s role from drafting to high-value verification. 
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1. Introduction 
In modern software engineering, the translation of abstract business requirements into a 
concrete, technical system design is one of the most critical and error-prone phases of 
development. This challenge is particularly prominent in data modeling, where the manual 
conversion of human-defined needs into formal database schemas represents a significant 
bottleneck. This process is not only time-intensive, relying on the specialized and costly 
expertise of data architects, but it is also highly susceptible to human misinterpretation. 
Ambiguities in initial requirements can lead to flawed data models, introducing 
foundational errors that become exponentially more difficult and expensive to remediate 
once application code and data pipelines are built on them. Research into agile 
requirements engineering highlights this as a persistent challenge, specifically dealing with 
ambiguous, incomplete or poorly translated requirements [11]. This ambiguity is the primary 
source of error that this thesis aims to address. 
 
The emergence of Large Language Models (LLMs) presents a transformative opportunity to 
address this challenge. With demonstrated capabilities in understanding natural language 
and generating complex, structured code [7], LLMs are rapidly being adopted as 
co-development tools across the industry [9]. This potential motivates the central claim of 
this thesis: that a systematic, two-step prompt-chaining framework - which first translates 
high-level UI stories into granular data-engineering (DE) stories, and then translates those 
DE stories into a technical schema - can effectively and safely accelerate the data modeling 
process for enterprise applications without sacrificing the quality or integrity of the 
resulting database schema  
 
This research investigates the design and evaluation of such a framework, specifically one 
utilizing the Gemini Pro 2.5 API. The scope is intentionally focused to ensure the method is 
both achievable and impactful: the framework is designed to process English-language user 
stories following a standard agile format. A key qualifier is that the framework explicitly 
branches its logic based on the problem domain, applying a normalized Third Normal Form 
(3NF) model for transactional (OLTP) requests and a dimensional star-schema for analytical 
(OLAP) requests. This work acknowledges a “schema-first” design workflow and qualifies its 
claim by stating that the framework’s output serves as a high-quality first draft that requires 
final validation by a human expert. 
 
The core of this thesis is to answer the primary research question: “How well does an 
LLM-based framework perform compared to an expert data architect in translating user 
stories into relational database schemas?”. 
 
This question is decomposed into three specific objectives: 

1. To measure Correctness: How accurate is the LLM-generated schema (e.g., tables, 
columns, keys, relationships) when compared against a “gold standard” model? 

2. To evaluate Efficiency: To what extent does the framework verifiably reduce the time 
and cognitive load required for a human expert to produce a final, production-ready 
design? 

3. To assess Design Quality: Does the generated schema adhere to established database 
design principles, such as normalization, and is it deemed clear, maintainable, and 
robust by domain experts? 
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To answer these questions, we employ a mixed-methods research design [4]. This approach 
allows for the validation of both the quantitative accuracy of the generated schemas and 
their qualitative, subjective design quality as judged by human experts. The framework’s 
effectiveness will be benchmarked using quantitative metrics (Precision, Recall, F-1) against 
a novel dataset developed for this study. This benchmark was constructed in a two-step, 
manual process: first, manually authoring a set of ten high-quality UI user stories (as 
detailed in Table 4.1), and second, manually creating an expert ‘gold standard’ schema for 
each story. The framework’s practical utility is assessed through structured qualitative 
reviews from experienced data architects. This dual approach provides the logical 
foundation to connect the framework’s output to the thesis’s conclusions about its utility.  
 
The primary contributions of this work are threefold: 

1. A novel two-step prompt-chaining framework (the ‘Analyst-Engineer’ pipeline) 
implemented in Python, which programmatically separates the task of requirement 
interpretation from technical generation. 

2. A set of expert-driven, few-shot prompt templates that successfully guide an LLM to 
generate two distinct, high-quality architectural patterns: a normalized 3NF model 
for OLTP and a dimensional star-schema for OLAP  

3. A comprehensive, mixed-methods evaluation that provides a model for assessing 
AI-driven design tools in terms of correctness, efficiency, and professional-grade 
quality. 

 
2. Background 
To understand the claim and methodology, one must be familiar with the foundational 
concepts of database theory, the specific software engineering processes being automated, 
and the underlying technologies enabling this automation. 
 
2.a Foundational Concepts in Database Design 
The “quality” of a data model is not subjective; it is grounded in decades of computer science 
theory. These foundational concepts are understood by virtually all data professionals and 
provide the well-established, practical criteria used to accept high-quality and correct 
models. The two most important concepts for this research are the Relational Model and the 
Entity-Relationship Model. 

● The Relational Model and Normalization: Introduced by E.F. Codd [1], the relational 
model provides the mathematical foundation for modern databases. Its central 
concept is normalization, a systematic process for organizing data in tables to reduce 
redundancy and improve data integrity. For example, a “normalized” schema avoids 
storing the same piece of information (like a customer’s name) in multiple places. 
Therefore, in this thesis, Codd’s principles of normalization serve as the foundational 
criteria for evaluating what constitutes a “correct” and “high quality” schema.  

● The Entity-Relationship (ER) Model: Proposed by Peter Chen [2], the ER model is a 
high-level conceptual data model. It provides a standardized graphical way to 
represent entities (e.g., ‘Customer’, ‘Order’) their attributes (e.g., ‘Name’, ‘Date’), and 
the relationships between them (e.g., ‘a Customer places an Order’). An ER Diagram 
(ERD) is a primary output of the data modeling process and a key target for the LLM 
framework , as it serves as the logical blueprint before any SQL code is written. 
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2.b Operational vs. Analytical Workloads (OLTP and OLAP) 
A critical distinction in modern data engineering - and a primary variable in this study’s 
results - is the difference between operational and analytical workloads. Industry standards 
dictate a different modeling technique for each, which this thesis strictly observes. 

● Online Transactional Processing (OLTP): These systems support day-to-day 
operational applications (e.g., e-commerce purchasing, banking ledgers). The 
primary goal is fast, atomic transaction processing and data integrity. The standard 
modeling technique for OLTP is Third Normal Form (3NF), which prioritizes the 
elimination of data redundancy to prevent anomalies during updates. 

● Online Analytical Processing (OLAP): These systems support complex data analysis, 
reporting and business intelligence (e.g., market attribution, risk analytics). The 
primary goal is query performance for heavy read operations. The standard 
modeling technique for OLAP is the Dimensional Model (or Star Schema) popularized 
by Ralph Kimball. Unlike 3NF, this approach intentionally denormalizes data into 
“Fact” tables (numeric metrics) and “Dimension” tables (descriptive attributes) to 
simplify complex queries. 
 

Relevance to Findings: This distinction is central to the thesis because the experimental 
results (discussed in the Results section) reveal a significant divergence in how the LLM 
framework handles these two architectures. While the framework achieved a 100% 
preference rate for 3NF/OLTP schemas, it showed mixed results (60%) when generating 
Dimensional/OLAP schemas. This suggests that while LLMs excel at the strict logic of 
normalization, they struggle with the semantic ambiguity often found in analytical 
modeling. 
 
2.c Technologies and Processes 
This thesis operates at the intersection of agile software development and generative 
artificial intelligence. 

● Agile Development and User Stories: The primary input for the framework is the user 
story. In agile development, a user story is a brief, simple description of a feature told 
from the perspective of the person who desires it [3]. A common format is: “As a <type 
of user>, I want <some goal> so that <some reason>.” In practice, the task of 
developing a data model is now frequently derived from a collection of user stories. 
This research uses “well-structured user stories” as its starting point, making the 
work of Cohn [3] a key piece of context for defining the framework’s input 
requirements. 

● Large Language Models (LLMs) and Prompt Engineering: An LLM is a deep learning 
model trained on vast amounts of text, enabling it to understand and generate 
human-like language and structured code. This thesis uses Gemini Pro 2.5. The 
framework’s core mechanism is not re-training the model, but rather prompt 
engineering - the practice of designing a sophisticated input (a “prompt”) that guides 
the model to perform a specific task. This approach is based on the concept of 
“few-shot learning” [8], which demonstrates that a large model can learn a new task 
at inference time simply by being given a few examples in its prompt. The capabilities 
demonstrated in this paper [8] provides the technical foundation for this thesis’s 
prompt-based approach. 
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3. Related Work 
This thesis is built on three distinct but related research areas: AI in software engineering, 
natural language processing for database querying, and automated schema generation. 
 
3.a State of the Art 
The application of AI to software engineering (AI4SE) is a rapidly expanding field. A 
foundational premise for this thesis is the demonstrated feasibility of using LLMs to 
generate functional code. Research by Chen et al. [7] was among the first to rigorously 
evaluate LLMs trained on code, proving their capability to handle the complex syntax and 
logic of programming. This set the stage for tools like GitHub Copilot, which are now widely 
adopted [9]. 
 
A more specific and mature area of research is Text-to-SQL, which focuses on translating a 
natural language question (e.g., “who were our top 10 customers last month?”) into a 
database query (a SQL SELECT statement). The introduction of the Spider dataset [6] 
provided a large scale, cross-domain benchmark that has driven significant progress in this 
area. This work serves as an influential model for this thesis’s quantitative methodology - it 
establishes a precedent for creating a benchmark dataset (language-to-structure pairs) and 
using it to measure accuracy. 
 
Most directly related is the emerging field of Text-to-Schema generation. Recent studies, 
such as the work by Salem et al. [11] have explored using earlier-generation deep learning 
models like BERT (Bidirectional Encoder Representations from Transformers) and T5 
(Text-to-Text Transfer Transformer). These (primarily encoder-based or encoder-decoder) 
models showed promise in extracting entities, attributes, and relationships but typically 
required extensive, domain-specific fine-tuning on large, labeled datasets. This work 
provides crucial Context, demonstrating that this research topic is part of an active and 
relevant academic conversation. 
 
3.b Gaps and Open Questions 
Despite this progress, significant gaps remain, which this thesis directly addresses: 

1. Text-to-SQL vs. Text-to-Schema: The vast majority of research (e.g., [6]) focuses on 
querying existing databases, not creating them. Generating a query is a constrained 
task, whereas generating a normalized, maintainable, and robust schema from 
scratch is a conceptual design challenge of much higher complexity. 

2. Model and Method Novelty: Many existing Text-to-Schema approaches [11] rely on 
older model architectures (like BERT or T5) that require extensive, domain-specific 
fine-tuning. The capabilities of modern, generalist, few-shot learners [8] like Gemini 
Pro 2.5 to perform this complex design task via prompt engineering alone are largely 
unexplored. 

3. Lack of Qualitative and Efficiency-Based Evaluation: Existing work tends to focus 
exclusively on quantitative correctness (e.g., “was the column name correct?”). It 
often fails to ask the more critical questions for industrial adoption: “Is the design 
good?” “Is it maintainable?” and “Does this tool actually save time for a senior 
architect?” 

3.c Position of this Work 
This thesis fills these gaps by proposing a novel framework and evaluation methodology. It 
moves beyond Text-to-SQL to tackle the more complex Text-to-Schema problem. Instead of 
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fine-tuning, it leverages the in-context learning capabilities of a state-of-the-art model 
(Gemini Pro 2.5) through a sophisticated, programmatic prompt engineering system. 
 
Most importantly, its contribution is methodological. By employing a mixed-method design 
[4] that combines a quantitative benchmark [6] with a qualitative, expert-driven evaluation 
[5], this thesis provides a holistic assessment. It is not content to prove that an LLM can 
generate a schema; it aims to prove that an LLM-based framework can produce a 
high-quality, well-designed schema that accelerates the workflow of an expert data architect, 
thereby addressing a core, validated problem in modern software development. 
 
4. Methodology 
This section details the research methodology used to evaluate the thesis claim. It describes 
the overall research design, the framework’s architecture, the procedures for data collection 
and the methods for data analysis. 
 
4.a Research Design and Justification 
To validate the claim that an LLM-based framework can both effectively accelerate data 
modeling and produce high-quality results, this thesis uses a mixed-methods research 
design. This approach is essential because the claim includes objective, quantitative 
performance and subjective, qualitative design quality. As argued by Easterbrook et al. [4], 
combining both quantitative and qualitative methods provides a more robust and 
convincing conclusion in software engineering research, allowing qualitative insights to 
explain and contextualize quantitative results. 
 
The methodology is structured in two sequential phases: 

1. A Quantitative Experiment to objectively measure the frameworks’ accuracy and 
correctness against a “gold standard” benchmark. 

2. A Qualitative Evaluation to assess the industrial relevance, design quality and 
practical utility of the framework’s output through expert review. 

 
This dual approach provides the evidence (benchmark scores and expert feedback) needed 
to evaluate the central thesis claim. The design itself is justified by established articles in 
software engineering research [4], [5], [6].  
 
4.b Framework Architecture and Evaluation Setting 
The system at the center of this study is a novel, two-stage LLM framework designed to 
automate the translation of user stories into database schemas. 
 
Architectural Rationale and Component Design: The framework utilizes a prompt-chaining 
architecture that decouples requirement analysis from technical implementation. This 
separation of concerns is critical to the thesis claim. By isolating the “interpretive” task 
(understanding ambiguity) from the “generative” task (writing syntax), the framework 
mitigates the cognitive load on the LLM, reducing the hallucinations and logic error 
common in single-shot generation. This mimics the real-world workflow where a Business 
Analyst clarifies requirements before a Data Engineer writes code. 
The architecture consists of two custom-written Python modules - the ‘Analyst’ and the 
‘Engineer’. 
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The ‘Analyst’ module serves as the framework’s reasoning engine. Its primary responsibility 
is to decompose high-level, often ambiguous UI-focused user stories into granular, 
unambiguous “Data Engineering Stories”. This intermediate step is essential because raw 
user stories typically describe interface behaviors (e.g., “clicking a button”) rather than data 
structures. Direct translation of these UI narratives into SQL often leads to denormalized or 
incomplete schemas. The Analyst module bridges this semantic gap by inferring the latent 
entities and relationships required to support the user’s goal before any code is written. 
 
The ‘Engineer’ module functions as the translation and implementation layer. Accepting the 
structured specifications from the Analyst, its responsibility is to generate the technical 
artifacts (ERDs and SQL DDL), applying specific architectural patterns - such as Third 
Normal Form (3NF) for OLTP or Star Schema for OLAP - based on the domain. This module is 
necessary to ensure technical correctness; by receiving pre-processed, unambiguous 
requirements, the LLM can focus entirely on enforcing strict normalization rules, naming 
conventions and constraints without the risk of misinterpreting the underlying business 
intent. 
 
This architecture mimics the real-world software engineering workflow, where a Business 
Analyst clarifies requirements before a Data Engineer implements the design, ensuring that 
the final schema is both technically sound and aligned with business needs. 

 
Figure 4.1: Thesis Framework Architecture 

 
 

● Process and Standards: The framework operates strictly within a “schema-first” 
design standard, where the database schema is intentionally designed before 
application code is written. This is a best practice for ensuring data integrity in 
large-scale applications and serves as the operational constraint for the ‘Engineer’ 
module. The module produces two outputs: a conceptual Entity-Relationship 
Diagram (ERD) and a logical SQL Data Definition Language (DDL) script. 

● Participants: The qualitative evaluation involved a panel of 3-5 experienced data 
architects or senior data engineers from the industry.  
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4.c Data Sources and Collection Procedures 
4.c.a Phase 1: Quantitative Benchmark Dataset 
Data Source: The primary evidence for Phase 1 is a Benchmark Dataset of 10 user stories 
paired with “gold-standard” schemas, which are a contribution of this research. 
 
Procedure: The dataset creation and experimental procedure follows three steps: 

1. Sourcing: A benchmark dataset [N=10] of high quality, representative user stories 
was manually authored by the researcher. This was necessary as a review of public 
repositories like Zenodo revealed a lack of suitable, complex and domain-diverse 
stories required to test the framework’s capabilities. The authored stories were 
designed to cover both Online Transactional Processing (OLTP) and Online Analytical 
Processing (OLAP). 

 
Table 4.1: Benchmark User Story Dataset 

 
 Story Domain Type Description 

1. Bank Analytics Banking OLAP As a Risk analytics manager, I want to 
analyze daily and historical customer 
transactions across multiple channels 
(ATM, online banking, credit cards and 
branch) so that I can detect unusual 
spending patterns, potential fraud and 
predict customer churn. 

2. Marketing Attribution Marketing OLAP As a Marketing data scientist, I want to 
measure the performance of digital 
campaigns across multiple touchpoints 
(email, web app, social media) so that I can 
attribute conversions accurately and 
optimize ad spend 

3. Ride-Share Analytics Ride-Share OLAP As a Regional Operations Director, I want 
to track driver utilization, rider 
satisfaction and surge pricing events to 
identify cities with driver shortages or 
inefficiencies. 

4. Patient Journey Healthcare OLAP As a healthcare data analyst, I want to 
build a longitudinal view of patient 
journeys across claims, lab tests and 
prescriptions to identify patterns in 
chronic disease management and cost 
drivers. 

5. Hospitality Loyalty Healthcare OLAP As a loyalty program manager, I want to 
analyze hotel bookings, guest satisfaction 
surveys and loyalty redemptions to predict 
high-value guests and optimize 
promotional offers. 

6. Banking Core System Banking OLTP As a Banking Operations Officer, I want to 
record deposits, withdrawals, fund 
transfers and account updates in real 
time, so that account balances, statements 
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and customer ledgers remain accurate 
and auditable. 

7. Retail Order System Retail OLTP As an Order processing associate, I want 
to capture customer orders, order line 
items, payments and shipments, so that 
customers can track their purchases from 
order to delivery. 

8. Clinical Billing System Healthcare OLTP As a clinic administrator, I want to manage 
patient appointments, visits and billing 
records so that each consultation is 
accurately tracked, invoiced and linked to 
providers. 

9. Ride-Share Booking Ride-Share OLTP As a ride-share platform admin, I want to 
record rides, driver availability, trip 
payments and ratings so that each trip’s 
lifecycle can be managed from request to 
payment. 

10. Hotel Check-in Hospitality OLTP As a hotel front-desk agent, I want to 
manage room bookings, check-ins and 
guest billing so that reservations, 
occupancy and invoices are accurately 
maintained. 

 
2. Transformation: The manually authored UI stories (from Table 4.1) are first 

processed by the ‘Analyst’ module. This module calls the LLM to decompose the single 
high-level UI story into a set of granular, data engineering-focused user stories. This 
intermediate artifact serves as the input for the ‘Engineer’ module. An example of 
this transformation is shown in Table 4.2. 

3. Gold Standard Creation: For each of the transformed user stories, a “gold standard” 
relational schema was manually created by the author. This manual model adheres 
to Codd’s principle of normalization [1] and Chen’s ER modeling conventions [2]. 

4. Data Collection: Each transformed user story (from Step 2) is fed as input to the 
‘Engineer’ framework (the system being tested). The resulting LLM-generated 
schema (ERD and SQL DDL) will be collected and stored for analysis. 

 
Table 4.2: Illustrative Snippet of ‘Analyst’ Module Output for User Story 2 

 
Input UI User Story Output: Generated Data Engineering User Story 

As a Marketing data scientist, I want to measure the 
performance of digital campaigns across multiple 
touchpoints (email, web app, social media) so that I 
can attribute conversions accurately and optimize 
ad spend 

As a System Designer, I need to model a **`Campaign`** 
entity to represent a high-level marketing initiative. 
 
As a System Designer, the `Campaign` entity must have 
attributes such as `campaign_name`, `start_date`, 
`end_date`, `budget`, and `objective`. 
 
As a System Designer, I need to model a **`Channel`** 
entity to represent the different marketing platforms 
used, such as 'Email', 'Google Ads', or 'Facebook'. 
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 As a System Designer, I need to model an 
**`AdCreative`** entity to store the specific content of 
an advertisement, with attributes like `creative_name` 
and `creative_type` (e.g., 'video', 'banner_image', 'text'). 
 
As a System Designer, I need to model a **`User`** 
entity to represent an individual customer or prospect, 
identified by a unique `user_id`, to track their journey 
across touchpoints. 
 
As a System Designer, I need to model 
**`InteractionEvent`** as a time-series event stream to 
capture every user touchpoint with a marketing asset. 
 
As a System Designer, each `InteractionEvent` record 
must contain a `user_id`, a precise `event_timestamp`, 
and an `interaction_type` (e.g., 'ad_view', 'ad_click', 
'email_open'). 
 
As a System Designer, each `InteractionEvent` must 
reference the **`Campaign`**, **`Channel`**, and 
**`AdCreative`** it is associated with linking user 
actions back to specific marketing efforts. 
 
As a System Designer, I need to model 
**`ConversionEvent`** as a separate time-series event 
stream to capture valuable user actions. 
 
As a System Designer, each `ConversionEvent` record 
must contain a `user_id`, a `conversion_timestamp`, a 
`conversion_type` (e.g., 'purchase', 'signup'), and a 
`monetary_value` attribute. 
 
As a System Designer, I need to model 
**`CampaignCost`** as time-series data to track daily or 
hourly ad spend. 
 
As a System Designer, the `CampaignCost` data must 
include attributes for `date`, `spend_amount`, and be 
linkable back to a specific **`Campaign`** and 
**`Channel`**. 

 
4.c.b Phase 2: Qualitative Expert Evaluation 
 
Data Source: The data for Phase 2 consists of comparative feedback collected from the 
expert panel via a structured blind evaluation survey. The survey presents two models for 
each user story: the AI-generated model (from Phase 1) and the researcher-created “Gold 
Standard” model. 
 
Procedure: This phase was conducted as a blind comparative study to mitigate rater bias. 

1. Sampling: The entire benchmark dataset of 10 user stories was submitted for expert 
evaluation to ensure coverage across all defined domains. 

2. Packet Creation: For each user story, a packet was created containing: 
○ The transformed data engineering user story. 
○ Model A - AI-generated schema 
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○ Model B - “Gold Standard” Schema 
3. Blinding & Randomization: The assignment of Model A and Model B was randomized 

for each packet. The experts were not told which model is AI-generated and which is 
human created. 

4. Data Collection: Experts completed the survey, which asked them to:: 
○ Rate Model A and Model B on the same set of Likert-scale attributes 

(Correctness, Normalization, Clarity etc.). 
○ Identify defects or list specific flaws for the models. 
○ Provide a preference: After rating both, they were asked which model they 

prefer as a starting point . 
○ Estimate time to completion: For both models, they estimated the time 

required to get them to a production-ready state. 
This A/B test design allowed for a direct comparison of quality and provided a much more 
nuanced measure of acceleration. 
 
4.d Analysis Methods 
4.d.a Quantitative Analysis 
The data from Phase 1 will be analyzed by algorithmically comparing the components of the 
framework-generated schemas against the “gold-standard” schemas. This 
benchmark-based evaluation is a standard approach for performance assessment, modeled 
after influential datasets like Spider for Text-to-SQL research [6]. 
 
The primary metrics are: 

● Precision: Measure exactness. The fraction of generated schema components (tables, 
columns, keys) that are correct. 

● Recall: Measure completeness. The fraction of “gold standard” schema components 
that were successfully identified by the framework. 

● F-1 Score: The harmonic mean of Precision and Recall, providing a single, balanced 
measure of accuracy. 

 
4.d.b Qualitative Analysis 
The data from Phase 2 will be analyzed using a couple of methods: 

1. Statistical Comparison: The Likert-scale ratings for the AI-generated models and the 
Gold Standard models will be compared using statistical tests to see if there is a 
statistically significant difference in perceived quality. 

2. Time-to-Completion Analysis: The expert estimations for time to production will be 
compared for both model types. This provides a direct, quantitative measure of the 
acceleration (or time saving) aspect of the claim. 

3. Thematic Analysis: The open-ended feedback (defect lists, comments) will be 
systematically coded to identify recurring patterns. This approach follows the 
rigorous method for interpreting qualitative data provided by Braun & Clarke [10]. 
Themes include “Common Normalization Errors”, “Effective Naming Conventions” or 
“Reliable Relationship Identification”. 

 
Together, these analysis methods will allow for powerful conclusions, such as “Experts rated 
the AI-generated models as statistically indistinguishable from the human-created Gold 
Standard on clarity” or “The AI model reduced the estimated time-to-production by an 
average of 70% compared to the Gold Standard model” 
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5. Results 
Note: This section presents the aggregate findings, summaries and key illustrative examples 
from the expert panel review. User story, Gold Standard Schema/ERD, AI-generated 
schema/ERD in Appendix A and expert survey transcripts in Appendix B are available for 
detailed review at the end of this document. 
 
This section presents the findings from the mixed-methods evaluation, mapping directly to 
the research questions of correctness, efficiency and design quality. The data was collected 
from a blind comparative study where a panel of five (N=5) expert data architects evaluated 
ten distinct user stories. For each user story, the panel reviewed two schemas: the human 
created “Gold Standard” (Model A), which represented a literal translation of the 
requirements, and the “AI Generated” (Model B) schema produced by the LLM framework.  
 
The dataset was balanced to cover two distinct domains: 

1. Online Analytical Processing (OLAP): 5 scenarios focusing on data warehousing and 
reporting. 

2. Online Transactional Processing (OLTP): 5 scenarios focusing on operational systems 
and data integrity. 

 
The results are presented factually below. The interpretation of these findings will follow in 
Section 6. 
 
5.a Expert Preference and Rationale 
The primary and most significant finding was the expert panel’s clear preference for the 
AI-generated schemas. In eight out of ten scenarios, the AI model was selected as the 
superior starting point for a production-grade system.  
 
A distinct pattern emerged based on the domain. The framework achieved a 100% 
preference rate in OLTP scenarios, where experts consistently cited its use of modern, robust 
patterns such as immutable transactional logs, event-sourced status tracking and unified 
identity models as superior to the traditional designs found in the Gold Standard. In OLAP 
scenarios, the results were mixed (60% preference), with experts favoring the human design 
in cases the AI misunderstood specific business definitions (e.g., utilization). 
 

Table 5.1: Summary of Expert Preference and Rationale 
 

Story Domain Preferred Model Rationale for Preference (Expert Summary) 

Bank Analytics OLAP AI (Model B) The Gold Standard model fundamentally 
missed the business requirement. The AI 
understood the intent behind “detect fraud” 
and built a fit-for-purpose model with 
dedicated fraud/analytics tables. 

Marketing 
Attribution 

OLAP Gold Standard 
(Model A) 

The Gold Standard was a clearer, simpler star 
schema (Kimball-style) better suited for its 
target audience (BI analysts). The AI’s model 
was deemed too granular and 
“over-engineered” for the task. 
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Ride-Share Analytics OLAP Gold Standard 
(Model A) 

Critical AI Failure. The AI modeled “trips” but 
completely missed the concept of “driver 
utilization” (time online) and independent 
“surge events”. The Gold Standard was 
correctly modeled as distinct fact tables. 

Healthcare Claims OLAP AI (Model B) The AI correctly modeled the real-world 
many-to-many relationship between claims 
and diagnoses. The Gold Standard used an 
incorrect 1:1 relationship, which would result 
in data loss for chronic disease analysis. 

Hospitality Loyalty OLAP AI (Model B) The AI captured the implicit requirements to  
“optimize promotional offers” by creating 
specific offer tracking tables. The Gold 
Standard completely missed this 
requirement, making campaign optimization 
impossible. 

Banking Core System OLTP AI (Model B) The AI produced a modern, architecturally 
superior OLTP design (immutable log, audit 
trails, ENUMs). The Gold Standard was seen as 
outdated, high-risk and requiring significant 
rework to be production-safe. 

Retail Order System OLTP AI (Model B) The AI’s design was more scalable and 
maintainable, correctly anticipating modern 
eCommerce needs (split shipments, 
multi-address) that the Gold Standard model 
missed. 

Healthcare Billing OLTP AI (Model B) The AI correctly implemented an itemized 
billing structure which is essential for 
insurance claims. The Gold Standard used a 
single amount field, which is insufficient for 
clinical operations. 

Ride-Share Booking OLTP AI (Model B) The AI utilized a modern “Unified User” model 
and Event Sourcing for driver availability. The 
Gold Standard used outdated, separate 
Rider/Driver tables that created duplicate 
identities.  

Hotel Check-in OLTP AI (Model B) The AI properly normalized room types into a 
dimension and integrated check-in 
timestamps into the booking table. The Gold 
Standard was over-engineered with a 
separate check-in table and used 
denormalized strings. 

 
5.b Perceived Quality (Likert Scale) 
The expert panel rated both blinded models on five key attributes of design quality. The 
aggregate score shows that the AI-generated framework was rated equal to or higher than 
the Gold Standard in most categories. 
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The most significant gap was in “Maintainability” (4.6 vs 3.9) and “Clarity” (4.8 vs 4.4). Experts 
consistently rated the AI higher because it included production-ready infrastructure 
(comments, audit timestamps, constraints) that the Gold Standard often omitted. However, 
the "Completeness" score for the AI was negatively impacted by the Ride-Sharing OLAP 
failure, where it scored a 2/5. 
 

Table 5.2: Aggregate Expert Quality Ratings (Mean Score / 5.0) 
 

Attribute Gold Standard (Mean) AI Framework (Mean) Finding 

Correctness 4.1 4.4 AI Model Wins 

Completeness 4.0 4.3 AI Model Wins 

Normalization 4.8 4.9 AI Model Wins 

Clarity 4.4 4.8 AI Model Wins 

Maintainability 3.9 4.6 AI Model Wins 

 
These aggregate scores are a summary of the detailed expert ratings. One of the examples of 
the Likert score breakdown and rationale of one user story is available in Appendix B, Part 
B.2. 
 
5.c Time-to-Production (Acceleration) 
This metric measures the estimated engineering time required to get each model to a 
production-ready state. To ensure objectivity, this assessment was conducted using a blind 
evaluation protocol: expert estimators were not informed which model was generated by the 
AI and which was the human-created “Gold Standard”, eliminating source bias from their 
estimates. 
 
The result shows a significant net acceleration, though with high variance in OLAP cases. 

● OLTP Scenarios: The AI saved time in 5 out of 5 cases, averaging a ~60% reduction in 
effort. 

● OLAP Scenarios: The AI saved massive time in complex cases (Banking, Hospitality) 
but increased the workload in the Ride-Sharing (requiring a complete redesign). 

 
Overall, the framework reduced the estimated total engineering effort from ~56 hours (Gold 
Standard) to ~34 hours (AI Framework). 

 
Table 5.3: Expert Time-to-Production Estimates (in Hours) 

 
Story Gold Standard (Est.) AI Framework (Est.) Time Saved by AI 

Banking Analytics 8.0 - 12.0 hours 2.0 - 3.0 hours + 7.5 hours 

Marketing Attribution 0.5 hours 1.0 hour - 0.5 hours 

Banking Core System 6.0 - 8.0 hours 3.0 - 4.0 hours + 3.5 hours 
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Retail Order System 0.5 hours 0.5 - 0.75 hours - 0.25 hours 

Ride-Share Analytics 4.0 - 5.0 hours 8.0 - 12.0 hours - 5.5 hours (Loss) 

Healthcare Claims 6.0 - 8.0 hours 4.0 - 5.0 hours + 2.5 hours 

Hospitality Loyalty 6.0 - 8.0 hours 4.0 - 5.0 hours + 2.5 hours 

Healthcare Billing 6.0 - 8.0 hours 2.0 - 3.0 hours + 4.5 hours 

Ride-Share Booking 6.0 - 8.0 hours 2.0 - 3.0 hours + 4.5 hours 

Hotel Check-in 5.0 - 6.0 hours 2.0 - 3.0 hours + 3.0 hours 

TOTAL ~56.0 hours ~34.0 hours ~ 40% reduction 

 
These time estimates are derived from the expert panel’s detailed defect analysis. One of the 
defects from the defect list and the corresponding time-to-production breakdown for a user 
story is located in Appendix B, Part B.1. 
 
5.d Thematic Analysis of Defect Types 
The most significant qualitative finding emerged from why models were rated as flawed. The 
following themes were synthesized from a qualitative analysis of the raw expert defect lists, 
which are transcribed in Appendix B, Part B.1. 
 

1. Gold Standard Defects (Structural): The human-created models frequently suffered 
from structural or architectural flaws. Common themes included “outdated design 
patterns” (e.g., separate Rider/Driver tables), “missing domain logic” (e.g., 1:1 
relationship for medical diagnoses) or “technical dead needs” (e.g., denormalized 
room types). 

2. AI Framework Defects (Refinement vs. Semantic):  
a. In 9 out of 10 cases, AI defects were minor and additive (e.g., “Missing CHECK 

constraints”, “Add currency field”, “Missing specific dimension”). 
b. In 1 case (Ride-Share OLAP), the AI suffered a semantic failure, 

misinterpreting the business definition of “utilization” as “trip count” rather 
than “time online”. 

 
Table 5.4: Thematic Defect Analysis 

 
Defect Theme Gold Standard Schema Defects AI Framework Defects 

Structural / Architectural Common (8 / 10 Cases). Described as 
“risky”, “outdated”, “complex transfer 
handling”, “balance/ledger consistency 
issues”. 

Rare (1 / 10 Cases). Major Failure in 
Ride-Share OLAP only 

Missing Requirements Common (7 / 10 Cases). Described as 
“missed 60% of stated requirements”, 
“lacks analytics attributes”, “missing audit 
trail”, “no split-shipment support” 

Occasional (2 / 10) e.g., Missing 
Utilization Metrics (Ride-share) 
and demographics (Marketing) 
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Refinement / Additive 
Gaps 

Rare. Very Common (10 / 10 Cases). 
Described as “missing constraints”, 
“add indexes”, “add audit 
timestamps”, “expand ENUMs”. 

 
5.e Illustrative Example: Interpretation vs. Translation 
The “Bank Analytics” User Story provides a clear, illustrative example that synthesizes all the 
findings above. (The full schemas for this story is available in Appendix A.1) 
 
User Story: “As a Risk analytics manager, I want to analyze daily and historical customer 
transactions across multiple channels (ATM, online banking, credit cards and branch) so that I 
can detect unusual spending patterns, potential fraud and predict customer churn.” 
 
The Gold Standard model literally translated the nouns in the story, creating dimensions for 
dim_product, dim_account and dim_location. However, it failed to address the stated 
business goal of “detect fraud” or “predict churn”, providing only a boolean is_fraudulent 
flag. 
 
The AI framework interpreted the business intent. It missed some of the literal dimensions 
(like Product and Location) but correctly inferred and added the complex components 
needed to actually solve the problem. 
 
This single “snippet” explains the aggregate results: the AI model was preferred (Table 5.1), 
had higher "Completeness" (Table 5.2), saved 8-12 hours of redesign work (Table 5.3) and 
avoided the “Missing Requirements” defect (Table 5.4). Table 5.5 provides a high-level 
comparison, but the detailed expert analysis (Appendix B.1) referenced the full artifacts. For 
instance, the Gold Standard’s fct_Transaction table (Listing A.1.1) was compared against the 
AI’s addition of a dedicated fct_Fraud_Alerts table (Listing A.1.2). 
 

Table 5.5: Illustrative Snippet (Banking Analytics - User Story 1) 
 

Model Feature Gold Standard (Model A)  AI Framework (Model B) 

Fraud Model BOOLEAN is_fraudulent in 
fct_Transactions 

fct_Fraud_Alerts (A new, dedicated fact table) 

Churn Model (Not Addressed) NUMERIC churn_probability (Added to 
dim_Customer) 

Analytics Model (Not Addressed) INTEGER customer_risk_score (Added to 
dim_Customer) 

Completeness Literally complete, but misses 
business goals 

Infers latent business requirements 
successfully. 

Expert Verdict “Missed 60% of the stated 
requirements” 

“Directly addresses ALL components of the 
user story” 

 
The expert’s full rationale for this verdict is available in Appendix B.1, Part B.3. 
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5.f Qualitative Analysis of Design Artifacts (ERDs) 
A key component of the expert evaluation was a deep analysis of the Entity-Relationship 
Diagrams (ERDs)  

1. For the OLTP System: The AI’s ERD (Model B) was found to be significantly superior to 
the Gold Standard’s (Model A), receiving 4.5/5 rating versus 3.5/5. 

a. Accuracy: The AI’s ERD had a “perfect match” with its SQL schema. The Gold 
Standard’s ERD had “critical disconnects”, such as showing relationships that 
did not exist in its own SQL and misrepresenting optional relationships as 
mandatory. 

b. Business Logic Visibility: This was the most significant finding. The AI’s ERD 
was “self documenting”, using annotations to explain complex business logic. 
The Gold Standard’s ERD “hid” this logic, making the design “unclear”. 

c. Communication Value: Experts concluded the AI’s ERD was a true 
“communication tool that bridges technical and business stakeholders,” while 
the Gold Standard’s was a “classic pitfall” that “requires deep SQL knowledge 
to understand”. 

2. For the OLAP System: The analysis was more nuanced. Both ERDs were deemed 
high-quality and “correct”, but they represented different, valid architectural 
paradigms. 

a. Gold Standard (Model A): Was praised as “classic star schema” that was “ideal 
for high level reporting” and “highly intuitive for BI reporting teams”. 

b. AI (Model B): Was identified as a more “even-based/constellation, multi-fact” 
model. Experts noted this was “powerful for advanced, event-level attribution” 
and better for “engineers/data scientists” but “less straightforward for basic 
rollups”. 

 
6. Discussion 
This section interprets the results, connects them back to the central thesis claim, addresses 
counterarguments and limitations and defines the scope and impact of the conclusions. 
 
6.a Interpretation of Results 
The expert-in-the-loop evaluation provides powerful and unambiguous support for the 
thesis. The data shows that the LLM-based framework can 1) dramatically accelerate the data 
modeling process and 2) produce high-quality, architecturally-sound schemas. The nuance 
lies in how it achieves this: the framework’s primary value is not as a simple “translator” but 
as an “interpretive co-designer”. 
 
On Acceleration (The “How Fast?” Claim): The “Time-to-Production” data (Table 5.3) 
demonstrates a ~40% net reduction in engineering time across the full dataset. However, 
this aggregate hides a clear and significant difference. In OLTP scenarios, the acceleration is 
consistent and massive (averaging ~60%), as the AI reliably produces modern, normalized 
structures. In OLAP scenarios, the acceleration is volatile; the AI saved 7.5 hours in the 
Banking case but cost 5.5 hours in the Ride-Sharing case due to the need for redesign. Thus, 
the framework accelerates data modeling significantly, provided the output is verified for 
semantic accuracy. 
 
On Quality (The “How Good?” Claim): The qualitative data (Table 5.1, 5.2, 5.4) is the most 
critical finding. The AI-generated schemas were preferred in 3 of 4 cases not because they 
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were flawless, but because they were fundamentally better designs. This quality emerged 
from three distinct, high-order capabilities: 

1. It Understands Business Intent, Not Just Text: The “Banking Analytics” (User Story 1) 
case is the most powerful evidence for this. The human-created Gold Standard model 
was a literal translation of the user story (listing dimensions like Product, Account) 
and completely failed to address the stated business goals of “detect fraud” and 
“predict churn”. The AI framework interpreted the intent behind these goals, correctly 
inferring the latent requirement for fct_Fraud_Alerts and analytical attributes like 
churn_probability. The AI solved the business problem, while the human only solved 
the text translation problem. As one expert stated in their review (Appendix B.1, Part 
B.3), the AI “directly addresses ALL components of the user story” while the Gold 
Standard “misses 60% of the stated requirements”. 

2. It Codifies Expert, Modern Architecture: The “Core Banking” (User Story 6) case 
demonstrates that the framework has successfully codified expert-level, modern 
design patterns. The AI produced an immutable transaction log, used signed 
amounts, proposed a transfer_group_id for atomicity and added an 
AccountAuditEvents table. Experts described this (Appendix B.3, Part B.3) as “the 
industry standard” and “architecturally sound”. The human Gold Standard Model, in 
contrast, used a separate, mutable balance field and a complex LEDGER_ENTRY table 
- a pattern experts identified as “outdated”, “risky” and prone to “data drift”. The AI’s 
model was objectively superior and safer. 

3. It Anticipates Future Needs (Scalability): In the “Retail” (User Story 7) case, the AI’s 
“over-scoping” (adding a normalized Addresses table and a Shipment_Items join 
table) was seen by experts as a feature, not a bug. It correctly anticipated the 
real-world needs for multi-address customers and split-item shipments. The Gold 
Standard model, while simpler, was a “technical dead end” that would require 
refactoring to support these common features. The AI demonstrated “professional 
maturity” by building a scalable, maintainable system from the start. 

4. The framework’s high quality extends beyond the SQL itself to the design artifacts. 
The AI’s ability to produce a “self-documenting” diagram that “explains complex 
business logic” is a profound validation of the claim. The Gold Standard’s ERD, by 
contrast, had “critical disconnects” and “hid” the logic. This means the AI framework 
is not just a code generator; it is a design communication tool that produces clearer, 
more accurate and more useful diagrams for stakeholder review. 

 
6.b Rebuttals and Counterarguments 
A critical reading of the results highlights two significant failures: the “Marketing 
Attribution” and “Ride-Sharing Analytics” cases. One might argue these failures invalidate 
the framework. However, they actually define its boundaries. 
 
In the “Ride-Sharing Analytics” case, the framework failed to distinguish between 
“completing a trip” and “driver utilization” (being online). This semantic error highlights a 
key limitation: the AI excels at structural generation( tables, keys, constraints) but can 
struggle with semantic nuance in complex analytical domains where business definitions 
are ambiguous. Similarly, in the “Marketing” case, the AI over-engineered a simple request. 
These findings act as qualifiers, not negations: the framework requires clear semantic 
definitions in the prompt to succeed in highly specialized analytical domains. 
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Furthermore, the consistent failure of the “Gold Standard” models in the OLTP track (rated 
lower in 5/5 cases) validates the central thesis premise. The Gold Standard models failed 
because they were literal translations - a common behavior in human modeling. The AI’s 
success in these cases proves that the interpretive process, which draws on a vast training 
set of modern architectural patterns, is fundamentally superior to a literal translation 
process. 
 
6.c Qualifiers and Threats to Validity 
Based on the findings, the thesis claim is supported but qualified. The framework exhibits 
strong reliability in OLTP domains (100% preference rate) but mixed reliability in OLAP 
domains (60% preference rate). It is highly effective for operational systems and 
“event-heavy” analytics but requires careful review for aggregated reporting or domains 
with ambiguous terminology. Additionally, the output is an exceptional first draft, 
consistently requiring 2-3 hours of refinement (e.g., adding constraints or specific 
dimensions) rather than being deployment-ready immediately. 
 
Threats to validity include External validity (results are specific to Gemini 2.5 Pro and the 10 
selected scenarios) and Reliability. The non-deterministic nature of LLMs means the 
high-quality “Banking Core” model might not be generated identically in every run. 
However, the consistent superiority across all 5 OLTP tests suggests a high degree of 
capability stability in the domain. 
 
7. Conclusion 
This research validates that a systematic, two-step LLM framework can fundamentally 
accelerate the data modeling process without compromising the quality of the resulting 
schema. By decoupling requirement analysis from technical generation, the framework 
achieved a 100% expert preference rate in operational (OLTP) domains and reduced 
aggregate engineering time by approximately 40%. 
 
These findings imply a significant shift in the role of the human data architect from a 
“drafter” of initial code to a “reviewer” of AI-generated designs. Industrially, the framework 
functions as a “senior-architect-in-a-box”, enforcing rigorous best practices - such as 
normalization, audit trails and immutable transactional logs - that are often overlooked by 
junior engineers. This capability not only accelerates time-to-value but actively reduces 
long-term technical debt by aligning technical artifacts with modern artifacts with modern 
architectural standards. 
 
Theoretically, this work provides empirical evidence that modern LLMs have evolved beyond 
simple code translation into the realm of architectural interpretation. The framework’s 
demonstrated ability to infer latent requirements (such as fraud detection) and apply 
abstract patterns (such as Event sourcing) to novel problems indicates that LLMs possess a 
higher-order “design sense”. 
 
However, this “design sense” is not infallible. The observed failures in complex analytical 
domains highlight the necessity for future work focused on semantic disambiguation, 
specifically through the injection of domain glossaries to resolve terminological 
ambiguities. Furthermore, expanding this evaluation to other models (e.g., GPT-4, Claude 3) 
will be essential to determine if the observed “granularity bias” is specific to the tested 
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model or a fundamental characteristic of generative AI in software engineering. Ultimately, 
this thesis demonstrates that while AI cannot yet replace the data architect, it has become 
an indispensable co-designer in the modern engineering workflow. 
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Supplemental Materials 
Appendix A: Benchmark Data 
A.1: User Story: “As a risk analytics manager, I want to analyze daily and historical customer 
transactions across multiple channels (ATM, online banking, credit card, and branch) so that 
I can detect unusual spending patterns, potential fraud, and predict customer churn.” 
 
Listing A.1.1: Gold Standard Schema  
 

CREATE TABLE dim_Customer ( 
    customer_key UUID PRIMARY KEY, 
    customer_natural_key TEXT NOT NULL, 
    name TEXT, 
    email TEXT, 
    phone_number TEXT, 
    segment TEXT, 
    date_of_birth DATE, 
    scd_start_date DATE, 
    scd_end_date DATE, 
    is_current BOOLEAN DEFAULT TRUE 
); 
CREATE TABLE dim_Account ( 
    account_key UUID PRIMARY KEY, 
    account_number TEXT NOT NULL, 
    account_type TEXT, 
    account_status TEXT, 
    open_date DATE, 
    close_date DATE 
); 
CREATE TABLE dim_Product ( 
    product_key UUID PRIMARY KEY, 
    product_name TEXT, 
    product_type TEXT, 
    card_type TEXT, 
    risk_category TEXT 
); 
CREATE TABLE dim_Channel ( 
    channel_key UUID PRIMARY KEY, 
    channel_name TEXT, 
    device_type TEXT, 
    region TEXT 
); 
CREATE TABLE dim_Location ( 
    location_key UUID PRIMARY KEY, 
    city TEXT, 
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    state TEXT, 
    country TEXT, 
    branch_id TEXT 
); 
CREATE TABLE dim_Date ( 
    date_key UUID PRIMARY KEY, 
    full_date DATE NOT NULL, 
    day INTEGER, 
    month INTEGER, 
    quarter INTEGER, 
    year INTEGER, 
    day_of_week TEXT 
); 
-- =============================== 
-- FACT TABLE 
-- =============================== 
CREATE TABLE fct_Transactions ( 
    transaction_id UUID PRIMARY KEY, 
    customer_key UUID REFERENCES dim_Customer(customer_key), 
    account_key UUID REFERENCES dim_Account(account_key), 
    product_key UUID REFERENCES dim_Product(product_key), 
    channel_key UUID REFERENCES dim_Channel(channel_key), 
    location_key UUID REFERENCES dim_Location(location_key), 
    date_key UUID REFERENCES dim_Date(date_key), 
    amount NUMERIC(15,2), 
    currency TEXT, 
    transaction_type TEXT, 
    merchant_category TEXT, 
    is_fraudulent BOOLEAN DEFAULT FALSE, 
    risk_score NUMERIC(5,2) 
); 
-- Optional Indexes for Analytics Performance 
CREATE INDEX idx_fct_transactions_customer ON fct_Transactions(customer_key); 
CREATE INDEX idx_fct_transactions_date ON fct_Transactions(date_key); 
CREATE INDEX idx_fct_transactions_channel ON fct_Transactions(channel_key); 
CREATE INDEX idx_fct_transactions_product ON fct_Transactions(product_key); 

 
 
 
 
 
 
Figure A.1.1: Gold Standard ERD 
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Listing A.1.2: AI-generated Schema 
 

CREATE TABLE dim_Customer ( 
customer_key UUID PRIMARY KEY DEFAULT gen_random_uuid(), 
customer_id TEXT NOT NULL UNIQUE, -- Natural key from the source system 
full_name TEXT NOT NULL, 
account_open_date DATE, 
current_status TEXT NOT NULL, 
churn_probability NUMERIC(5, 4), 
customer_risk_score INTEGER, 
last_prediction_date DATE, 
average_daily_spend DECIMAL(18, 4), 
most_frequent_merchant_category TEXT, 
typical_transaction_time_of_day TEXT, 
primary_transaction_channel TEXT 
); 
-- Dimension table for transaction channels. 
CREATE TABLE dim_Channel ( 
channel_key UUID PRIMARY KEY DEFAULT gen_random_uuid(), 
channel_id TEXT NOT NULL UNIQUE, -- Natural key from the source system 
channel_name TEXT NOT NULL 
); 
-- Generic Date dimension for time-series analysis. 
CREATE TABLE dim_Date ( 
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date_key UUID PRIMARY KEY DEFAULT gen_random_uuid(), 
full_date DATE NOT NULL UNIQUE, 
year INTEGER NOT NULL, 
quarter INTEGER NOT NULL, 
month INTEGER NOT NULL, 
day_of_week INTEGER NOT NULL, 
month_name TEXT NOT NULL, 
day_name TEXT NOT NULL 
); 
-- Fact table for financial transactions. 
-- This is a transactional fact table. 
CREATE TABLE fct_Transactions ( 
transaction_key UUID PRIMARY KEY DEFAULT gen_random_uuid(), 
customer_key UUID NOT NULL REFERENCES dim_Customer(customer_key), 
channel_key UUID NOT NULL REFERENCES dim_Channel(channel_key), 
transaction_date_key UUID NOT NULL REFERENCES dim_Date(date_key), 
-- Degenerate Dimensions (attributes from the source transaction) 
transaction_id TEXT NOT NULL UNIQUE, -- Natural key of the transaction event 
transaction_timestamp TIMESTAMP WITH TIME ZONE NOT NULL, 
transaction_type TEXT NOT NULL, 
status TEXT NOT NULL, 
currency CHAR(3) NOT NULL, 
merchant_name TEXT, 
merchant_category_code TEXT, 
atm_location_id TEXT, 
ip_address TEXT, 
branch_id TEXT, 
-- Measure 
amount DECIMAL(18, 4) NOT NULL 
); 
-- Fact table for fraud alerts. 
-- This is an event-based fact table that links a customer and a specific 
transaction to a fraud event. 
CREATE TABLE fct_Fraud_Alerts ( 
alert_key UUID PRIMARY KEY DEFAULT gen_random_uuid(), 
transaction_key UUID NOT NULL UNIQUE REFERENCES 
fct_Transactions(transaction_key), -- Each alert is for one unique transaction 
customer_key UUID NOT NULL REFERENCES dim_Customer(customer_key), 
alert_date_key UUID NOT NULL REFERENCES dim_Date(date_key), 
-- Degenerate Dimensions (attributes from the source alert) 
alert_id TEXT NOT NULL UNIQUE, -- Natural key of the alert event 
alert_timestamp TIMESTAMP WITH TIME ZONE NOT NULL, 
alert_reason TEXT NOT NULL, 
alert_severity TEXT NOT NULL, 
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investigation_status TEXT NOT NULL 
); 
-- Create indexes on foreign keys for better join performance 
CREATE INDEX idx_fct_transactions_customer_key ON 
fct_Transactions(customer_key); 
CREATE INDEX idx_fct_transactions_channel_key ON fct_Transactions(channel_key); 
CREATE INDEX idx_fct_transactions_date_key ON 
fct_Transactions(transaction_date_key); 
CREATE INDEX idx_fct_fraud_alerts_transaction_key ON 
fct_Fraud_Alerts(transaction_key); 
CREATE INDEX idx_fct_fraud_alerts_customer_key ON 
fct_Fraud_Alerts(customer_key); 
CREATE INDEX idx_fct_fraud_alerts_date_key ON fct_Fraud_Alerts(alert_date_key); 

 
Figure A.1.2: AI Generated ERD 

 
Appendix B: Survey Transcripts 
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Part B.1: Defect Identification & Time Estimation 
 

1. Please list any specific error of flaws you identify in Model A. 
2. Please estimate the time (e.g., “15 min”, “2 hours”) required to get Model A to a 

production ready state. 
3. Please list any specific errors or flaws you identify in Model B. 
4. Please estimate the time (e.g., “15 min”, “2 hours”) required to get Model B to a 

production ready state. 

Survey Response 

Model A (Gold Standard) - Defects: 

1. Over-engineering for the stated requirements: Includes dim_Product, dim_Account, 
and dim_Location which are not mentioned in the user story about transaction 
analysis 

2. Missing fraud alert tracking: Uses only a boolean flag is_fraudulent instead of a 
proper fact table for fraud events with investigation status and severity 

3. Missing customer analytics attributes: No fields for churn_probability, 
customer_risk_score, average_daily_spend, most_frequent_merchant_category, 
typical_transaction_time_of_day - all critical for the "predict customer churn" and 
"detect unusual spending patterns" requirements 

4. Incomplete channel information: No device_type captured at transaction level (only 
in dim_Channel) 

5. Missing transaction details: No merchant_name, merchant_category at transaction 
level (only merchant_category exists), no ATM location, no IP address for online 
transactions, no branch_id 

6. No timestamp precision: Uses date_key only, missing transaction_timestamp needed 
for pattern detection 

7. Inadequate for fraud investigation: No alert tracking, investigation status, or alert 
severity levels 

Time to Production-Ready: 8-12 hours 

● Remove unnecessary dimensions (1 hour) 
● Add customer analytics attributes and populate with historical data (3-4 hours) 
● Create fraud alerts fact table and migrate boolean flags (2-3 hours) 
● Add missing transaction attributes (merchant details, ATM location, IP, branch, 

timestamp) (2-3 hours) 
● Update indexes and test queries (1 hour) 

Model B (AI Generated) - Defects: 
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1. Missing data quality constraints: No CHECK constraints on critical fields (e.g., amount 
> 0, valid status values, alert_severity levels) 

2. No audit trail: Missing created_at, updated_at timestamps on dimension tables for 
change tracking 

3. Incomplete SCD implementation: dim_Customer should support Type 2 SCD for 
tracking customer attribute changes over time (status, risk score changes), but lacks 
scd_start_date, scd_end_date, is_current flags 

4. Missing business key uniqueness: Should have unique constraint on (transaction_id, 
transaction_timestamp) to prevent duplicates 

5. Index optimization: Could benefit from composite indexes (e.g., on customer_key + 
transaction_date_key for customer journey analysis) 

6. Currency standardization: CHAR(3) is correct but should have CHECK constraint for 
valid ISO codes 

7. Minor naming inconsistency: transaction_date_key vs alert_date_key (both reference 
date_key - should be consistent) 

8. Missing enum constraints: Fields like alert_severity, investigation_status, 
transaction_type should have CHECK constraints or reference tables 

Time to Production-Ready: 2-3 hours 

● Add CHECK constraints and data validation rules (45 min) 
● Implement Type 2 SCD on dim_Customer (45 min) 
● Add audit timestamps to dimensions (15 min) 
● Create composite indexes for common query patterns (30 min) 
● Add unique constraints and final testing (30 min) 

 
Part B.2: Quality Assessment (Likert Scale)  
 
Please rate the AI-generated schema on the following attributes (1 = Very Poor, 5 = Excellent) 

1. Correctness: The schema accurately reflects the requirements of the user-story 
(1-2-3-4-5) 

2. Completeness: The schema captures all required entities, attributes and 
relationships (1-2-3-4-5) 

3. Normalization: The schema adheres to Codd’s principles of Normalization (1-2-3-4-5) 
4. Clarity: Naming conventions for the tables and columns are clear and intuitive 

(1-2-3-4-5) 
5. Maintainability: The design is simple, robust and easy to modify or extend (1-2-3-4-5) 

Survey Response 

Attribute Gold Standard 
(Model A)  

AI Framework 
(Model B) 

Notes 

Correctness 4 4 Both accurately reflect core requirements. Model A 
includes unused dimensions; Model B focuses 
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tightly on the user story. 

Completeness 3 5 Model A has several entities (Product, Account, 
Location) not mentioned in the user story. Model B 
captures all stated requirements including fraud 
alerts and customer analytics. 

Normalization 5 5 Both adhere to 3NF principles properly. Model A 
follows classic star schema; Model B uses 
appropriate fact-dimension relationships. 

Clarity 4 5 Both use clear naming. Model B’s naming is more 
intuitive for the specific use case (e.g., 
“fct_Fraud_Alerts” vs. “is_fraudulent” flag) 

Maintainability 4 4 Model A is more generic/extensible but includes 
unnecessary complexity. Model B is focused and 
easier to understand for this specific need. 

 
 
Part B.3: Overall Preference  
 

1. Which model (A or B) do you prefer as a starting point for a production-ready 
system? 

2. Why did you prefer this model? 

Survey Response 

Preferred Model: Model B (AI Generated) 

Rationale: 

Model B is significantly superior as a starting point for production because: 

Alignment with Requirements (Most Critical): 

● Model B directly addresses ALL components of the user story: fraud detection 
(dedicated fact table), churn prediction (customer analytics attributes), unusual 
spending patterns (merchant categories, time-of-day, spending metrics), and 
multi-channel analysis 

● Model A misses 60% of the stated requirements, focusing on a generic transaction 
model rather than the specific risk analytics use case 

Fraud Detection Capability: 

● Model B provides a proper event-based fraud alert system with investigation 
workflow, severity levels, and full traceability back to specific transactions 

● Model A's boolean flag approach is inadequate for real-world fraud investigation and 
doesn't support the workflow mentioned in the user story 
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Customer Analytics Ready: 

● Model B includes churn_probability, customer_risk_score, behavioral patterns 
(spending habits, preferred channels, transaction timing) - all essential for the 
"predict customer churn" requirement 

● Model A completely lacks these analytical attributes 

Practical Design: 

● Model B demonstrates understanding of the actual business problem with 
purpose-built structures 

● Model A appears to be a generic banking schema that doesn't serve the risk analytics 
manager's specific needs 

Lower Technical Debt: 

● Model B needs only quality improvements (constraints, SCD implementation) - 
approximately 2-3 hours 

● Model A requires fundamental restructuring and new fact tables - approximately 
8-12 hours 

Conclusion: Model B represents a genuinely impressive "high-quality first draft" that 
validates the thesis claim. It demonstrates that an LLM framework can indeed understand 
nuanced business requirements and translate them into a focused, requirement-driven 
schema. The defects in Model B are refinement-level concerns, while Model A would require 
substantial rework to meet the stated user story requirements. 
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Abstract 
 

This thesis investigates how traditional storage trade-offs change when applied to 
Retrieval-Augmented Generation (RAG) systems. Classical database guidance suggests a 
progression from embedded storage to external databases as data volume increases. 
However, RAG introduces new pressures—high-dimensional embeddings, approximate 
retrieval, frequent index updates, and correctness-sensitive downstream LLM 
behavior—that make the old rules less reliable. 

To explore this space, I implemented two functionally equivalent RAG pipelines using 
different storage backends: SQLite, representing an embedded exact-search design, and 
Chroma, representing an external Approximate Nearest Neighbor (ANN) vector database. 
Using 10k, 30k, and 60k-document subsets of the BEIR FiQA dataset, I benchmarked 
retrieval latency, accuracy, indexing footprint, and incremental update cost. SQLite 
maintained higher retrieval accuracy and dramatically faster update times, while Chroma 
provided more stable latency and smaller index files as corpus size increased. LLM 
generation time remained largely backend-independent. 

The results show that RAG does not replace the traditional simplicity-versus-scalability 
trade-off but shifts where the balance lies. Because ANN retrieval introduces correctness 
loss, backend selection becomes a question of “how much approximation can this system 
tolerate?” rather than simply “how large is the dataset?” This suggests that storage 
decisions in RAG systems are tied not only to infrastructure constraints but also to model 
behavior and domain risk, offering new architectural guidance for practitioners building 
LLM-powered applications. 
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I. Introduction 

Context and Importance 

In industrial software engineering, storage decisions are some of the most persistent and 
high-impact architectural choices teams make. For years, engineers have worked with the 
trade-off between embedded databases, that are simple, portable, and easy to operate, and 
external databases that add complexity but offer better scalability, concurrency, and indexing 
power [5], [6]. These patterns are well documented in classic SQL vs. NoSQL discussions, 
where questions of scale, schema rigidity, and developer effort are familiar [8]. 

The rise of Retrieval-Augmented Generation (RAG) changes this picture. RAG systems pair 
large language models with a retrieval layer that must store and search high-dimensional 
embeddings, re-embed documents as knowledge bases evolve, and keep latency low even 
under frequent updates [10]. These demands expose new limitations in both lightweight 
embedded stores and modern vector databases. As teams outside big-tech begin adopting 
RAG features without large infrastructure budgets, a practical question emerges: how should 
RAG systems balance simplicity, maintainability, and performance? 

Poor storage choices in RAG pipelines can lead to slow retrieval, brittle update workflows, or 
maintenance overhead that directly affects developer productivity and system reliability. 

Problem Statement 

While traditional engineering literature provides clear guidance on when to move from a local to 
an external database, RAG workloads might not fit this conventional playbook. The core 
research problem addressed in this thesis is: 

How do traditional storage trade-offs change in the context of 
retrieval-augmented generation, and how should teams choose between local 
embedded storage and external vector databases? 

The emerging claim is that the familiar simplicity vs. scalability trade-off is transformed by the 
interaction between high-dimensional vector indexing, update frequency, and modularity. What 
once was a choice between local performance and distributed scale now involves balancing 
latency, accuracy, maintainability, and developer effort—the shift of the balance in a 
configuration space with new dimensions not yet mapped in empirical software engineering. 

Research Questions and Results 

This study aims to generate architectural and empirical guidance for RAG storage design. 
 It is guided by four research questions: 



1. Indexing & Query Responsiveness — How do indexing strategies (brute-force vs. 
approximate nearest neighbor) affect latency and retrieval accuracy as corpus size 
increases from 10 k to 60 k documents [3], [7], [11]? 

2. Update Workflows — How do local and external storage solutions differ in the effort, 
reliability, and fragility of adding or refreshing embeddings [8], [9]? 

3. Architectural Modularity — How does the storage choice influence coupling, testability, 
and deployment flexibility [4], [6]? 

4. Overall Trade-Off Balance — At what scale or complexity does it become worthwhile to 
migrate from embedded to external storage [5], [10]? 

The study uses a lightweight mixed-method case study [2]: quantitative benchmarks, scripted 
update workflows, and reflective qualitative notes from backend implementation. Two equivalent 
RAG prototypes—one using SQLite and one using Chroma—were evaluated under controlled 
conditions and analyzed through the lens of ISO/IEC 25010’s software quality attributes [1]. 

The results preview is simple: SQLite tends to offer higher accuracy and better update 
performance, while Chroma offers more stable latency and smaller indexes. Rather than 
replacing the old “embedded vs external” rule, RAG shifts the balance point and introduces 
accuracy as a first-class architectural concern. 

This positions the study as both empirical evidence and practical guidance for teams choosing 
RAG storage backends. 

II. Background and Related Work 

Terminology 

Understanding a few key concepts is important before examining how storage backends behave 
in a RAG pipeline. Retrieval-Augmented Generation (RAG) works by pairing a large language 
model with an external retrieval step, so the quality and behavior of that retrieval layer directly 
shape the system’s accuracy and performance [10]. 

In a RAG workflow, text documents are first transformed into vector 
embeddings—high-dimensional numeric representations that capture semantic meaning. 
Searching this type of data requires storage systems that can efficiently compare vectors, which 
leads to the two main categories of retrieval engines used today.[3] 

A vector database (VDB) is built specifically to store these embeddings and quickly find the 
closest matches using similarity metrics like cosine distance. Most VDBs rely on Approximate 
Nearest Neighbor (ANN) algorithms, which dramatically speed up retrieval by exploring only part 
of the vector space. ANN methods trade some correctness for better scalability, a decision that 
becomes central in this thesis: fast ANN search can return “close enough” results—unless your 
system needs the exact matching vector[3]. 



By contrast, RAG systems can also use embedded or file-based stores like SQLite, which do 
not have specialized ANN algorithms but can perform exact similarity search over all stored 
embeddings. Although slower for large datasets, exact search preserves correctness and 
avoids the approximation trade-offs present in ANN systems[11]. 

Contextual Issues 

Most industrial teams operate without the large-scale distributed systems that power commercial 
LLM services. They face tight budget constraints, minimal DevOps staff, and heterogeneous 
environments combining legacy systems with modern APIs. For such teams, embedding a 
lightweight database into the application (e.g., SQLite) may seem appealing, but scaling to tens 
of thousands of documents often introduces latency bottlenecks and brittle update workflows [4], 
[5]. 

Conversely, adopting an external vector DB demands new infrastructure—servers, indexing 
services, and monitoring pipelines—that may increase operational complexity. Choosing 
between these options thus becomes a strategic architectural decision, with trade-offs not yet 
codified in existing literature. 

State of the Art 

Conventional studies on storage systems have long analyzed SQL versus NoSQL trade-offs in 
scalability, schema flexibility, and developer effort [5], [6], [8]. NoSQL systems, for instance, 
favor availability and horizontal scaling by relaxing ACID guarantees [6]. Similarly, Lourenço et 
al. (2015) evaluated database quality attributes, revealing that scalability gains often came at 
the expense of maintainability [8]. 

On the vector search side, Ma et al. (2023) synthesized the design space of modern vector 
databases—HNSW, PQ, graph-based indexes—and their operational patterns [3]. Krueger 
(2025) demonstrated the latency–recall trade-off inherent in ANN tuning [7], while Malkov & 
Yashunin (2018) provided the foundational HNSW algorithm that most current vector engines 
use [11]. Hu et al. (2025) extended this line of work by identifying update contention and 
proposing scalable hybrid indexing architectures [9]. 

Finally, Lewis et al. (2020) introduced the RAG framework itself, showing how retrieval latency 
and accuracy directly influence model output quality [10]. Together, these works define the 
technical frontier—but none explicitly connect architectural storage choices to maintainability 
and developer cost in RAG settings. 

Gaps and Open Questions 

Existing research on data retrieval systems has focused largely on algorithmic 
efficiency—improving search speed, recall, and indexing structures ([3], [7], [11])—within 



conventional database or information retrieval contexts. However, these studies assume stable 
schemas and relatively infrequent data updates. 

Retrieval-Augmented Generation (RAG) workloads differ fundamentally: they involve continuous 
embedding updates, high-dimensional vector search, and tight coupling between AI model 
behavior and data store performance. 

What remains underexplored is how these AI-specific dynamics shift the classic engineering 
trade-offs between embedded and external storage: 

● When retrieval depends on dense vector similarity rather than exact key lookups, does 
the old “simplicity vs. scalability” balance still hold? 

● How do update workflows and modularity behave when embeddings, not rows, are the 
evolving data unit? 

● What guidance can small or mid-sized teams follow when adopting RAG systems 
without hyperscale infrastructure? 

In short, prior literature explains how to make retrieval better, but not how RAG changes the 
architectural logic of database choice. The gap lies in extending traditional software engineering 
quality models (e.g., ISO 25010’s maintainability and performance efficiency) to AI-augmented 
systems where data, models, and retrieval logic evolve together. 

Position of This Work 

This thesis occupies the intersection between empirical software engineering and AI system 
architecture. It builds on algorithmic advances in vector databases but reframes them within 
maintainability and quality-attribute analysis from ISO/IEC 25010 [1]. Through controlled 
benchmarks and update experiments, the study extends conventional performance metrics into 
the RAG context—clarifying where traditional database wisdom holds and where new 
architectural guidance is required. 

III. Methods 

Research Design & Why This Approach 

This project uses a small-scale experimental case study because the goal is to observe how 
real RAG pipelines behave when the underlying storage backend changes—not to design new 
retrieval algorithms or databases. RAG systems are inherently multi-component (embedding, 
indexing, retrieval, generation), so the most direct way to understand trade-offs is to run the 
entire workflow end-to-end under consistent conditions. 

A lightweight case study fits this goal: everything runs locally, results are reproducible, and the 
setup resembles what a small engineering team would build when evaluating RAG backends. 



Instead of aiming for broad generalization, the study focuses on collecting clear empirical 
signals—retrieval latency, accuracy, update behavior, and index size—and interpreting what 
those imply for architectural choices in practice. 

Technologies and Processes 

The environment mirrors how modern teams build and evaluate RAG systems today: 
embedding generation using transformer models, vector storage via SQLite or Chroma, and 
automated scripts for index building and updates. These choices reflect common engineering 
practice rather than theoretical setups [3],[9]. 

To understand performance and maintainability, the study measures latency, recall@k, and 
update times directly from running the pipeline. Lightweight static analysis tools were initially 
considered for modularity assessment, but because the backends are simple and manually 
implemented, the metrics were not very informative. As a result, backend modularity was 
assessed mainly through development experience—how predictable, transparent, or complex 
each system felt to implement and update. 

Although this is not a full industrial case, the study follows the empirical software engineering 
mindset: keep measurements reproducible, document assumptions, and rely on multiple forms 
of evidence (benchmarks + update experiments + implementation notes) to support 
conclusions. 

Standards and Best Practices 

To interpret storage trade-offs in a structured way, the study loosely draws on the ISO/IEC 
25010 quality attributes[1]—especially performance efficiency, maintainability, and portability. 
Latency, index size, and update cost map naturally to these attributes, giving the results a clear 
evaluation framework without overcomplicating the methodology. 

This study loosely follows Runeson & Höst’s case-study principles [2], mainly in how it combines 
multiple forms of evidence—benchmark data, update workflow observations, and qualitative 
notes—to strengthen the validity of the results. Although this is a small-scale experimental setup 
rather than a full industrial case study, the triangulation mindset helps ensure that the 
conclusions are not based on a single metric. Basic guidance from IEEE software quality 
evaluation standards further supports the use of performance and maintainability indicators. 

Dataset & Preparation 

A synthetic question–answer dataset was created, since the goal is to test retrieval behavior, not 
semantics. The dataset is intentionally simple because the goal is to isolate storage behavior 
rather than build a domain-accurate QA system. We chose to draw from BEIR (Benchmarking 
IR), a widely used evaluation suite for information retrieval and semantic search[12] with three 
corpus sizes—10k, 30k, and 60k documents—to simulate small-to-medium RAG installations. 



Documents were embedded using all-MiniLM-L6-v2, and the vectors plus IDs were stored 
as .npy arrays for consistent reuse. GPT-2 was chosen for reproducibility and speed; its limited 
quality is accounted for in the validity section. 

For each corpus size, the pipeline embeds the data and measures the embedding time and 
storage. 

 

A fixed set of 100 queries was used across all experiments to keep comparisons fair. 

Experimental Procedures 

1. Retrieval & RAG Benchmarks 

 

In the retrieval pipeline, a question will first be rephrased by LLM to introduce some 
randomization, and then embedded using the same sentence transformer that was used to build 
the corpus vectors, ensuring consistent representation. These embeddings enter the retrieval 
stage, where the two backends diverge. 

With SQLite, all candidate vectors are stored as raw floats. Retrieval consists of filtering by 
simple keyword search (FTS) and then running an exact cosine similarity computation over the 
candidate set. With Chroma, each query embedding is matched using an approximate 
nearest-neighbor index (HNSW), which retrieves the most promising nodes from the graph 
without scanning every vector. The top-k result IDs from retrieval become the grounding context 
for the RAG generation step, where the LLM produces a final answer based on the retrieved 
documents. 



Each metric maps directly to one stage of the system. Retrieval latency measures only the time 
spent inside the Retrieval block.The number of tokens generated by LLM and the latency reflect 
the LLM block and are independent from the backends. Accuracy (recall@5) evaluates whether 
the retrieval stage surfaced the correct document among the top-k results. 

2. Update Workflow Test 

This is similar to the data indexing but the only difference is we call the update interface to insert 
extra data from the BEIR  dataset for each database. 

 

To evaluate maintainability, batches of 1k, 2k, 5k and 10k new documents were inserted into 
each backend. The script measures: 

● how long the update takes 
● whether the index needs rebuilding 

3. Indexing & Storage Measurements 

For each corpus size and backend, the indexing code logs: 

● index size on disk 
● total time to build/rebuild the index 

This exposes more details on the storage cost for each backend. 

4. Light Qualitative Notes 

While implementing everything, short notes were kept on developer experience: setup difficulty, 
debugging, file growth, how “fragile” each workflow felt, etc. These don’t replace formal 
interviews but help explain some of the quantitative patterns. 

Analysis Methods 

The analysis focuses on descriptive statistics, trends, and comparisons—no complex statistical 
tests. 



Metric Collected ISO 25010 Quality Attribute What It Represents in Our Study 

Retrieval latency Performance Efficiency 
How quickly the backend returns the top-k 
documents for a query. 

Generation latency Performance Efficiency 
LLM computation time after retrieval; mostly 
independent of backend choice. 

Retrieval accuracy 
(recall@k) Reliability / Functional Accuracy 

Whether the correct document appears in the 
retrieved set; indicates risk of hallucination. 

Index size 
Performance Efficiency 
(Resource Utilization) 

Memory/storage overhead of each backend’s 
index structure. 

Indexing time Performance Efficiency 
Cost of building the index from embeddings; 
shows scalability of the backend. 

Update latency Maintainability (Modifiability) 
How quickly new embeddings can be added; 
reflects workflow friction and operational cost. 

The overall goal is to see how these qualities shift when you move from exact local storage 
(SQLite) to an ANN vector database (Chroma) in a realistic RAG pipeline. 

IV. Results 
This section summarizes the empirical results obtained from running our RAG pipeline across 
two storage backends—SQLite (exact search) and Chroma (ANN/HNSW search)—under three 
corpus sizes: 10k, 30k, and 60k documents. Each experiment uses the same 100 evaluation 
queries, the same embedding model, and the same RAG generation setup. The numbers 
reported below come directly from programmatically logged benchmark runs. 

Retrieval & RAG Generation Latency and Accuracy 

To measure end-to-end retrieval performance, each backend received the same 100 questions 
and returned the top-k documents (k=5). Accuracy reflects how often the correct document 
appeared in the top-k retrieved set. 
 

Corpus Size Database Retrieval 
latency (ms) 

Generation 
latency (ms) 

Tokens 
generated 

Accuracy 

10000 SQLite (exact) 2717 ms (+2.9%) 6263 ms 560 86% (+10%) 

Chroma (ANN) 2641 ms 6417 ms (+2.5%) 623 (+11.2%) 76% 

30000 SQLite (exact) 2978 ms (+12.0%) 6385 ms 571 76% (+8%) 

Chroma (ANN) 2660 ms 6492 ms (+1.7%) 639 (+11.9%) 68% 

60000 SQLite (exact) 3219 ms(+20.4%) 6200 ms 518 66% (+4%) 



Chroma (ANN) 2673 ms 6423 ms (+3.6%) 602 (+16.2%) 62% 

Retrieval latency slowly increased for both systems as the corpus size grew, but Chroma 
remained noticeably more stable because its ANN indexing avoided scanning every vector. 
SQLite’s exact cosine search became more expensive with larger datasets, which is expected 
for brute-force computation. In contrast, the generation latency barely changes across corpus 
sizes or backends because it is primarily determined by the LLM itself, not retrieval. Accuracy 
decreased for both systems as the embedding space expanded, but the drop was bigger for 
Chroma, reflecting the precision trade-off inherent in ANN search. 

 

Storage & Indexing Footprint 
Index size and indexing time were recorded after embeddings were written to disk and the 
backends finished building their indexes. 
 

Corpus size Database Index size (MB) 
Indexing time 

(mm:ss) 

10,000 

SQLite 93 MB ( + 97.8%) 0:02 

Chroma 47 MB 0:03 ( + 50%) 

30,000 

SQLite 202 MB ( + 49.6%) 0:09 

Chroma 135 MB 0:17 ( + 88.8%) 



60,000 

SQLite 375 MB( + 48.8%) 0:09 

Chroma 253 MB 0:49 ( + 444.4%) 

 

SQLite’s index grows roughly in a straight line with corpus size because it stores every raw 
vector in its entirety. Chroma’s index grows more slowly but requires more work to maintain the 
ANN graph, causing indexing time to increase faster, especially at 60k documents. This reflects 
the cost of constructing and optimizing HNSW structures. 

Embedding Cost (shared across backends) 

Embedding time does not depend on the backend; it only depends on the embedding model 
and corpus size. This provides some side information about the cost of RAG setup. 

 

Corpus size 
Embedding time  

(mm:ss) 

10,000 1:06 

30,000 3:19 

60,000 15:12 

Embedding cost clearly dominates overall runtime, growing roughly linearly with dataset size. 
This is consistent with the expected computational complexity of encoding raw text with a 
transformer encoder. 

Incremental Update (maintainability measurement) 
Update tests simulate adding new documents after the index has already been built. For each 
run, we inserted a fixed number of new embeddings and recorded how long each backend took 
to incorporate them. 



 

Added docs 
SQLite update time 

(ms) 
Chroma update time 

 (ms) 

1,000 30 ms 1038 ms 

2,000 110 ms 1810 ms 

5,000 220 ms 4583 ms 

10,000 432 ms 9495 ms 

SQLite’s update time grew almost perfectly linearly with the number of inserted items—expected 
for an append-only storage pattern with no secondary index maintenance. Chroma, however, 
showed a steep increase because each update requires HNSW graph adjustments. This makes 
SQLite more maintainable for frequent incremental updates. 

Early Patterns 

Across all metrics, a few consistent patterns emerged from the logged data: 

● Retrieval time changes with corpus size for SQLite and Chroma in different patterns. 
Chroma is slightly better. 

● Accuracy drops when corpus size grows for both databases. 
● Chroma retrieval latency grows slower than SQLite when corpus size grows. 
● Indexing time and index size differ significantly between systems. 
● SQLite updates are dramatically cheaper 

V. Discussions 

Backend Modularity Reflection 

Because both backends in this project were implemented manually and kept intentionally small, 
traditional static code analysis (cyclomatic complexity, dependency graphs, coupling metrics) 
does not provide meaningful insights. The codebases simply aren’t large or interconnected 
enough for those metrics to distinguish SQLite from Chroma in any useful way. For that reason, 
the modularity discussion here is based on implementation experience rather than numerical 
static-analysis outputs. 

Building the SQLite backend felt very explicit and easy to reason about. All retrieval 
logic—storing vectors, loading them, and performing cosine similarity—lives in straightforward 
Python code. Nothing happens behind the scenes, and the entire storage layer sits in a single 
file that can be inspected or debugged directly. This gives SQLite a kind of “modularity through 
simplicity”: the behavior of the RAG pipeline is tightly controlled by the developer, and changes 
rarely ripple outside the module. 



Chroma, on the other hand, offers a much thinner API but relies heavily on internal machinery 
for ANN indexing. While this abstraction makes the backend code shorter, it creates a 
dependency on Chroma’s internal search structures, default parameters, and indexing side 
effects. Much of the retrieval behavior becomes implicit, making debugging trickier and 
increasing the coupling between the application and the vector database’s runtime behavior. 

The modularity conclusion cannot be drawn from static code features alone. This project uses a 
simplified RAG pipeline and relatively small, hand-written backends; the system does not fully 
represent the architectural complexity of real-world RAG deployments. As a result, this study 
does not have enough scope to make a strong or generalizable claim about modularity 
differences between SQLite and Chroma under full production-scale RAG conditions. 

Interpretation of Results 

These findings give a more balanced view of the classic “embedded vs. external database” 
trade-off when applied to RAG systems. In traditional software systems, it is generally 
understood that as data grows, teams eventually migrate from embedded stores like SQLite to 
external databases such as PostgreSQL or ElasticSearch. External systems offer better 
throughput, parallelism, and indexing strategies, and—importantly—their use does not change 
correctness. A SQL query produces the same logical result regardless of backend. 

Metric 
SQLite (exact, 

embedded) Chroma (ANN, external DB) 

Retrieval 
Speed 

Grows with corpus 
(slower than linear) Mostly same across the corpus sizes 

Generation 
Latency 

Mostly same across 
the corpus sizes 

Mostly same across the corpus sizes 
(slower than SQLite) 

Index size Larger (heavier local file) Smaller (optimized ANN index) 

Indexing time Shorter at larger scales Increases disproportionately 

Update (1K 
docs) 30 ms 1038 ms 

Update (10K 
docs) 432 ms 9495 ms 

With RAG, the story is similar in structure but different in emphasis. External vector databases 
such as Chroma gain speed by using Approximate Nearest Neighbor indexes, which prune the 
search space and avoid scanning every embedding. Our results show that this keeps Chroma’s 
retrieval latency very stable as the corpus grows. SQLite, which performs exact cosine similarity 
search, becomes slower with scale, matching what we expect from brute-force computation. A 
reasonable guess is that the latency and cost introduced by LLM/RAG dominates the latency 
and cost and hence make SQLite vs Chroma difference subtle. 



However, the accuracy results show an important shift in priorities. Both systems lose accuracy 
as the embedding space grows, but Chroma’s ANN index drops faster (from 76% → 62%), while 
SQLite stays somewhat higher (86% → 66%). This is not surprising—ANN trades precision for 
speed—but in a RAG pipeline, retrieval accuracy has a direct effect on hallucination risk. So 
while the trade-off remains the same, RAG makes the accuracy half of the trade-off more visible 
and more important. 

Maintenance results also follow traditional patterns but matter more in RAG contexts. SQLite’s 
indexing and update times scale smoothly and almost linearly, because it simply appends raw 
vectors with no complex index structures. Chroma’s update time rises much faster because 
adjusting the HNSW graph is expensive. Although Chroma’s index is smaller (253 MB vs. 
SQLite’s 375 MB at 60k docs), it costs more to maintain. This again fits traditional expectations 
but becomes a stronger factor for RAG workloads, where re-embedding and incremental 
updates happen more frequently than in classic database systems. 

Overall, the results do not show that RAG breaks the embedded–vs–external rule; instead, they 
show that RAG shifts where the trade-offs matter. ANN indexing still offers better scalability, 
and embedded storage still offers simplicity and correctness. What changes is the weight of 
each dimension: correctness and update simplicity matter more in RAG than they do in 
conventional backend systems, while latency matters a bit less because LLM generation 
dominates total time. In this sense, RAG moves the bar rather than flips the rule—external 
vector DBs are still valuable, but the threshold for when they become worthwhile is higher, and 
the decision depends more on accuracy tolerance than on raw scale alone. 

Rebuttals & Counterarguments 

Model + RAG Pipeline Limitations 

This project uses a simple RAG pipeline and GPT-2 for query rewriting. GPT-2 is small and not 
competitive with modern models (GPT-4o, Llama-3, etc.). A stronger model would likely 
generate better query paraphrases and could reduce SQLite’s accuracy advantage by helping 
ANN find the right vectors. Also, our RAG flow is intentionally minimal: no chunk reranking, no 
hybrid search (keyword + vector), and no cross-encoder scoring. In real systems, those layers 
would boost retrieval quality and narrow the performance gap. 

Scale + Dataset Limitations 

The dataset here is clean (question → answer pairs), not messy like real corporate wikis, PDF 
dumps, or legal documents. And while 60k embedded docs is respectable, vector DBs are 
usually used on millions of documents. At that scale, SQLite would likely degrade faster, and 
Chroma (ANN) would show more benefit. So, the trends we observed are real, but the exact 
numbers shouldn’t be generalized to all workloads. 

Only two databases tested  



This study compares only one embedded database (SQLite) and one vector database 
(Chroma/HNSW). While they are representative of two architectural extremes—exact local 
storage vs. approximate external vector indexing—they do not cover the diversity of retrieval 
backends used in real-world RAG systems. Other vector databases (Qdrant, Weaviate, 
Pinecone) and hybrid search engines (Elasticsearch, Vespa) may behave differently, especially 
in how they tune ANN recall or handle incremental updates. Some, like Qdrant, offer better 
update performance and hybrid BM25 + vector ranking, which could narrow SQLite’s 
correctness advantage. Because of this, the results should be interpreted as directionally true, 
not universally true.  

Qualifiers & Threats to Validity 

Scope 

These results apply to small- to medium-scale RAG systems (≤60k documents) where 
developers choose between: 

● a lightweight embedded store (SQLite), and 
● an external vector DB (Chroma/HNSW), 

under practical constraints (limited infra, maintainability priorities). They do not generalize 
automatically to hyperscale deployments or teams using fully managed vector DB infrastructure. 

Threats to Validity 

Internal Validity 

The LLM used for query expansion is GPT-2, a very small model. Its weak paraphrasing ability 
may negatively affect Chroma’s retrieval accuracy, especially for semantic matches. To reduce 
this influence, we also ran retrieval-only benchmarks (no LLM involved), which isolates backend 
behavior from model quality. A stronger model (e.g., GPT-4 or LLaMA-2) would likely improve 
Chroma’s recall. 

External Validity 

The experiment included only SQLite (exact search) and Chroma/HNSW (ANN search). Other 
vector databases (Qdrant, Weaviate, Pinecone) may exhibit different update behavior or ANN 
efficiency. This isn’t a fundamental limitation—just a scope boundary. With more time or 
hardware, additional backends could be tested. 

Construct Validity 

Not all maintainability or architectural qualities (e.g., changeability, portability) were fully 
measured. Static analysis or architectural complexity metrics could strengthen this dimension, 



but require a larger real-world RAG system. For this workshop-scale project, we focused on 
measurable execution metrics (latency, recall, index/update cost). 

Reliability 

ANN search and LLM-driven paraphrasing introduce randomness. While SQLite’s exact search 
is deterministic, Chroma’s results can vary. To reduce noise, we averaged across 100 queries 
per backend. Larger datasets or repeated trials would improve reliability but require more 
compute time. 

Impact & Implication 

Industrial Impact 

These results give teams a practical, data-backed way to choose storage backends for RAG 
systems. Engineers often default to the rule of thumb: “SQLite for local prototyping, external DB 
for production.” Our experiments suggest that RAG shifts this equation rather than overturning 
it. SQLite, even though slower at larger scales, maintains higher retrieval accuracy and 
dramatically faster update time. Chroma scales better and keeps retrieval latency stable as data 
grows, but does so by trading off accuracy through ANN approximation. 

For teams building internal knowledge assistants, legal/compliance tools, or any system where 
wrong retrievals can increase hallucination risk, SQLite + exact search remains a surprisingly 
strong and safe baseline. Chroma still makes sense when speed, throughput, or operational 
scale matter more than perfect correctness—for example, customer support chatbots where 
some retrieval noise is acceptable. Storage choice becomes a more nuanced decision in RAG: 
not just about scale, but about tolerance for approximation error. 

Theoretical Impact 

We introduce a repeatable benchmarking framework that maps ISO 25010 quality attributes 
(performance efficiency, maintainability, portability) into RAG workflows. Instead of talking 
vaguely about “vector DBs scale better,” we quantify: 

● retrieval latency 
● LLM generation latency 
● recall@k correctness 
● index footprint 
● incremental update cost 

This makes RAG architectural choices measurable. The core theoretical insight is that RAG 
breaks the traditional simplicity vs scalability trade-off: accuracy becomes part of the backend 
trade-off space. This connects software architecture to ML effectiveness—something existing 
SE literature hasn’t covered. 



Future Work  

 There are three natural extensions: 

1. Add more backends (Qdrant, Weaviate, Pinecone, PGVector): Compare how different 
ANN index types (HNSW, IVF-PQ, DiskANN) change the balance between speed and 
accuracy. 

2. Introduce smarter LLM-powered retrieval workflows 
a. Instead of paraphrasing queries, evaluate agent-style retrieval (chain-of-thought 

→ search → refine → answer) 
b. Measure how different prompting strategies affect recall and hallucination. 

3. Expand quality attributes beyond performance 
a. Engineering maintainability: how much code changes when swapping backends 
b. Reliability: does retrieval remain consistent across model versions 
c. Cost modeling: storage cost + embedding compute + LLM token cost 
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Abstract 

Modern cloud systems generate overwhelming amounts of telemetry, making incident diagnosis 

increasingly difficult and motivating interest in AI-assisted observability. Despite this potential, 

engineers often hesitate to rely on AI because they distrust data quality, model reasoning, and 

automated actions during high-stakes incidents. This thesis proposes a four-pillar 

framework—data quality governance, operational explainability, human-in-the-loop oversight, 

and feedback loops—to create organizational conditions for trustworthy use of AI in on-call 

engineering. I evaluate the framework through a mixed-method, within-subjects study in which 

10 experienced on-call engineers complete baseline trust assessments, reason through how the 

framework would apply to realistic incident scenarios, and then repeat the same assessments 

alongside a follow-up interview. Across all measured dimensions, post-framework trust ratings 

increase, with the largest gains in understanding AI decisions and willingness to use AI 

assistance during live incidents. Participants report that explainability and human oversight most 

directly increase their confidence, while data quality practices and feedback mechanisms are 

viewed as essential but slower to influence trust. Because the evaluation uses hypothetical 

scenarios rather than a deployed production system, the results reflect stated confidence rather 

than observed behavior. Even so, the findings suggest that organizations can meaningfully 

increase engineers’ willingness to adopt AI-assisted practices by embedding transparency, 

control, and structured learning around these tools.  
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I. Introduction 
Modern cloud-based systems generate overwhelming volumes of logs, metrics, traces, and 
alerts, making it increasingly challenging for engineers to maintain reliable operations. To cope 
with this complexity, industry is turning to AIOps – Artificial Intelligence for IT Operations – which 
applies machine learning and automation to IT monitoring and incident management tasks [1]. 
The goal of AIOps is to augment or automate activities like anomaly detection, root-cause 
analysis (RCA), and incident response, shifting teams from reactive “fire-fighting” toward 
proactive prevention and faster remediation. With AI support, organizations aim to anticipate 
issues before they impact users, automatically pinpoint causes, and even self-heal systems, 
thereby improving uptime and reducing on-call strain. This vision is compelling given the scale 
and speed of modern deployments – for example, distributed microservices and dynamic cloud 
infrastructure produce complex failure modes that human operators struggle to analyze in 
real-time [2]. In principle, AI-driven observability and on-call tools could drastically cut downtime 
and operational costs by handling routine issues and highlighting critical insights beyond human 
capacity. 

1.1 Problem Statement 
Despite the hype, industry surveys and adoption data reveal that AI-driven observability is still in 
its infancy, with a significant gap between interest and trust. As of 2025, only a small minority of 
enterprises (~10%) have integrated AI into their observability practices, though nearly half plan 
to evaluate such solutions in the next budgeting cycle [3]. This cautious adoption is largely due 
to a lack of confidence in AI’s outputs and decisions. Reports find that engineering teams worry 
about data quality, security, and the opacity of AI recommendations. In one survey of IT 
professionals, only 38% said they trust the quality of data and training behind AI systems [4]. 
Similarly, a BARC study of enterprises with data observability programs showed 42% “do not 
trust the outputs” of their AI/ML models [5]. Even software developers echo this skepticism – for 
instance, the 2025 Stack Overflow survey found that while 84% of developers use AI coding 
assistants, only 3% “highly trust” the accuracy of the AI’s output [6]. This trust deficit is a critical 
barrier: engineering leaders are hesitant to hand over incident management decisions to AI if 
they themselves cannot explain its reasoning or ensure its reliability. In high-stakes operational 
environments (e.g. finance, healthcare), blindly trusting an algorithm could lead to outages or 
safety incidents, so teams default to manual control. The result is under-utilization of potentially 
valuable AI tools – many companies pilot AIOps features but stop short of full deployment due 
to uncertainty and lack of proven best practices for trustworthy adoption. 

1.2 Claim 
This thesis argues that engineering organizations can increase their confidence in AI-assisted 
observability and incident response by adopting a structured organizational framework centered 
on four pillars: (1) robust data quality governance, (2) operational AI explainability, (3) calibrated 
human-in-the-loop oversight, and (4) feedback loops for continuous learning. By instituting these 
practices, teams will be more willing to rely on AI suggestions and even grant limited autonomy 
to AI in on-call scenarios, ultimately improving incident management outcomes. The claim is 
qualified – the framework is expected to build trust and safe adoption of AI given that baseline 
model performance is reasonable and the organizational culture supports data-driven 
decision-making. It does not claim that AI will completely replace human operators or that trust 
will improve if these prerequisites are not met. 
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1.3 Research Objectives 
To investigate this claim, the research addresses the following key questions: 

● RQ1: Does the introduction of the proposed framework measurably increase engineers’ 
reported trust in and intended usage of AI-driven observability/on-call tools? 

● RQ2: Does the framework lead engineers to report higher acceptance of autonomous AI 
actions (e.g., automated diagnostics or remediations) without increasing their perceived 
risk to system safety or reliability? 

● RQ3: Which components of the framework (data quality measures, explainability 
features, human oversight mechanisms, feedback processes) are most influential in 
building or restoring trust? 

These questions are answered through a mixed-method evaluation. In brief, our approach 
involves collecting empirical data on current AI tool adoption and trust levels (pre-framework 
surveys), exposing participants to the proposed four-pillar framework via realistic scenarios, and 
then collecting post-framework surveys along with qualitative interviews about how their trust 
and intended behaviors would change. By triangulating these evidence sources, we aim to 
connect the evidence (empirical data on trust and stated usage) to the claim. In other words, if 
we observe improved trust/uptake corresponding to specific framework elements, it will support 
the warrant that these organizational practices are effective mediators between AI capabilities 
and human acceptance. In preview, our approach leverages known links from prior research – 
for example, the idea that explainability fosters user trust is well-established [7]. Overall, in this 
study we find that the four-pillar governance and transparency framework addresses engineers’ 
core concerns—data validity, understanding the AI’s logic, and retaining control—and is 
associated with a safer path to realizing AIOps benefits. 

II. Background 
This section provides the conceptual and technical foundation for our study, defining key terms 
and outlining the current practices in software reliability engineering. It also highlights the 
challenges in today’s industrial setting that make our problem both important and difficult. 

2.1 Observability and On-Call Engineering 
Software observability refers to the ability to infer the internal state of a system from its external 
outputs. In practice, observability is implemented via comprehensive logging, metrics collection, 
and distributed tracing of transactions across services. Modern observability stacks aggregate 
telemetry data to give engineers visibility into system health and behavior. Observability is a 
cornerstone of DevOps and Site Reliability Engineering (SRE) practices, which emphasize 
monitoring everything in production and acting quickly on anomalies. An on-call engineer is a 
team member rostered to respond to incidents 24/7 – when alerts trigger (e.g. high error rates, 
latency spikes), the on-call engineer must investigate and mitigate the issue. On-call work is 
high pressure: every minute of downtime can impact revenue and user trust, so organizations 
measure metrics like Mean Time to Detect (MTTD) and Mean Time to Recovery/Repair (MTTR) 
to assess their incident response efficiency. Traditional incident response involves diagnosing 
the problem by manually examining dashboards and log files, executing runbook scripts or 
patches, and later conducting a post-mortem analysis to learn from the failure. Best practices 
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such as blameless post-mortems and iterative improvement of monitoring are ingrained in SRE 
culture to continually enhance reliability. 

However, several trends have made this process increasingly challenging. According to Notaro 
et al. [1], modern IT systems have grown too large and complex for manual supervision, 
resulting in alert fatigue and missed signals. In globally distributed teams, knowledge is siloed – 
the person on call might not be familiar with a particular subsystem’s quirks. Moreover, many 
organizations have a patchwork of monitoring tools that are not well-integrated, forcing 
engineers to swivel-chair between consoles. This motivates the use of AI to automatically 
correlate data and highlight the most relevant information during an incident. 

2.2 Artificial Intelligence in IT Operations (AIOps)  
Artificial Intelligence in IT Operations (AIOps) applies machine learning to observability data to 
detect anomalies, correlate alerts, forecast issues, and sometimes trigger remediation. Recently, 
LLM-based ‘incident copilots’ have been proposed to summarize logs and suggest fixes. These 
tools promise faster, more accurate diagnosis, but they also introduce new challenges around 
data quality, model transparency, and safe automation. 

To manage telemetry at scale, industry is also converging on standards and frameworks. One 
notable example is OpenTelemetry, an open-source standard (under CNCF) that unifies the 
instrumentation of traces, metrics, and logs [8]. Widespread adoption of OpenTelemetry and 
similar schemas improves data quality and consistency – a crucial prerequisite for effective AI 
analysis. Data quality governance in this context means ensuring monitoring data are accurate, 
timely, and relevant. 

2.3 Processes and Standards 
Traditional IT service management frameworks (e.g., ITIL, ISO/IEC 20000-1) define structured 
incident processes, while modern SRE practice layers in automation through CI/CD, rollbacks, 
and runbooks. However, high-impact actions (like failover or paging) typically still require human 
approval, and organizations emphasize auditability and error budgets to manage risk. These 
existing governance practices provide a basis for controlling automation, but say little about how 
to govern AI-driven decisions. 

2.4 Contextual Challenges 
Deploying AI in on-call operations faces several challenges unique to the context: 

Data Silos and Legacy Systems: Enterprises often have heterogeneous systems (on-premise 
legacy servers, multiple cloud platforms) emitting telemetry in different formats. Integrating these 
for AI analysis is non-trivial. A survey by Pal et al. found that integration with legacy systems 
and inconsistent data formats were major pain points slowing AIOps adoption [9]. This 
underscores the need for robust data pipelines and cleaning (Pillar 1 of our framework). 

Opaque “Black-box” Models: Many AI models, especially deep learning and large language 
models, act as black boxes that don’t explain their reasoning. In operations, this opacity is 
problematic – an engineer receiving an alert “predicted service outage in 30 minutes” from an AI 
will hesitate to act without understanding why the model believes so. Techniques like model 
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interpretability, rule-based explanations, or at least transparent linking to anomalous signals can 
help translate AI analysis into a form engineers trust (Pillar 2). 

Human-in-the-loop Requirements: Operations is ultimately socio-technical – it involves human 
judgment, especially under uncertainty. Trustworthy AIOps must support a human-in-the-loop 
approach (Pillar 3) where the AI assists but does not bypass human confirmation for impactful 
decisions. An example best practice is “approval gates”: the AI can suggest a remediation 
(restarting a service), but the on-call engineer must approve it, except perhaps in pre-approved 
safe cases. 

Regulatory and Security Constraints: In certain industries (finance, healthcare, critical 
infrastructure), there are regulations that demand rigorous change control and accountability for 
any action on production systems. Introducing AI decision-makers raises questions: Who is 
accountable if an AI causes an outage? Can the AI’s decisions be audited after the fact? This 
security angle means organizations must implement safeguards around AI recommendations. 
Our framework’s feedback and review mechanisms (Pillar 4) tie into this by logging AI actions 
and outcomes for post-incident review, which helps in both auditing and improving the AI. 

In summary, the background shows that while the technology ecosystem provides ever more 
data and some AI capabilities, organizational practices have not caught up to fully leverage AI in 
a trustworthy manner. Established standards give us reliable processes but little guidance on AI; 
new AI tools offer power but lack guarantees. This tension sets the stage for our research: 
bridging the gap with a framework that incorporates data governance, explainability, oversight, 
and learning – principles aligned with emerging guidelines for trustworthy AI. 

III. Related Work 
Research and industry efforts at the intersection of AI and software operations provide important 
context for our thesis. In this section, we review the state-of-the-art solutions and studies, 
highlight open gaps – particularly around trust and adoption – and clarify how our work is 
positioned relative to existing knowledge. 

3.1 AI for Observability and Incident Response – Potential and 
Pitfalls 
Over the past few years, numerous approaches have been explored to automate parts of the 
incident management lifecycle. Classical machine learning techniques have shown promise in 
specific tasks: for example, Sambamurthy [10] reports an AI-based observability system that 
achieved 92% accuracy in root-cause analysis (RCA) of incidents, compared to about 76% 
accuracy using traditional (non-AI) methods. Such improvements in diagnostic accuracy can 
translate to faster resolutions. Similarly, prototype “virtual SRE” agents have demonstrated the 
ability to reduce mean time to recovery; one study introduced a Cognitive DevOps Assistant that 
cut MTTR by 44% and reduced false alarms by nearly half [11]. These results illustrate the 
potential efficiency gains and performance improvements that AI-driven tools can bring to 
DevOps and SRE workflows. In short, the state of the art suggests that when AI is applied in a 
targeted way (anomaly detection, correlation, etc.), it can outperform manual analysis in speed 
and accuracy. 
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On the other hand, a substantial body of research has identified critical limitations and risks that 
come with these AI solutions. A common theme is the trust and transparency problem. Sami et 
al. conduct a deep survey on Explainable AIOps, noting that many AIOps deployments rely on 
“black-box models” and that this “introduces critical challenges in trust, auditability, and 
regulatory compliance”, ultimately “undermining confidence in automated decisions” [7]. In other 
words, if an AI can flag an anomaly but cannot explain why or how it got there, engineers are 
unlikely to trust it for high-stakes decisions. Another issue is the reliability of AI in the wild: large 
language models, while powerful, are prone to hallucinations (confidently generating incorrect 
information) and can miss important context if prompts are incomplete. Lin et al. present 
IRCopilot, an LLM-driven incident response system, and document cases where the model’s 
suggestions were erroneous due to lost context or misinterpreting log data [12]. Their evaluation 
showed that without strict guardrails, the LLM might recommend wrong fixes – a clear danger in 
an on-call scenario. Zhang et al. provide a comprehensive survey of AIOps in the era of LLMs 
and echo these concerns, listing hallucination, high latency and cost, and inability of current 
LLMs to incorporate certain structured data (like real-time metrics) as key obstacles to 
operational use [13].  

Beyond model issues, security is a growing concern in this space. Pasquini et al. demonstrated 
an attack where fake telemetry signals were introduced to trick an AIOps system, causing it to 
take incorrect automated actions [14]. This kind of vulnerability reveals that naive automation 
can be dangerous – malicious actors might exploit the AI’s trust in data unless organizations 
implement verification steps and fail-safes. 

3.2 Trust, Explainability, and Human Factors  
Given the pitfalls above, researchers have been investigating how to foster human trust in AI 
systems for operations. Explainable AI (XAI) techniques are at the forefront of this effort. For 
instance, Fernando et al. propose an adaptive explainability framework for high-stakes 
environments, arguing that AI systems should adjust the depth and style of explanations based 
on the urgency of the situation and the user’s stress level [15]. They introduce the notion of 
“swift trust” in incident response – essentially, how a human operator can rapidly develop a 
calibrated trust in an AI assistant during an ongoing crisis. The takeaway is that in on-call 
scenarios, an AI needs to quickly justify its recommendations in a clear, context-aware manner 
(e.g., showing the chain of events leading to a database failure if it suggests a failover). Other 
studies emphasize governance and calibration of trust. Khati et al. note that both over-trust and 
under-trust in AI tools are detrimental [16]. If engineers blindly follow AI suggestions (over-trust), 
errors can propagate unchecked; if they ignore or second-guess every suggestion (under-trust), 
the AI’s utility drops and it may be abandoned. The solution suggested involves training users 
on the AI’s capabilities/limits and designing the AI to indicate its confidence and allow user 
feedback – approaches that our framework incorporates via human-in-the-loop controls and 
feedback mechanisms. 

3.3 Gaps and Positioning of This Work  
In summary, prior work has made it clear that trust and transparency are the keys for wider 
adoption of AI in on-call engineering. We have AI techniques that can reduce incidents and 
workload, but people won’t use them (or will use them in a very limited way) if they don’t trust 
them. Existing research has certainly identified this problem and even proposed pieces of the 
solution – e.g., explainability methods, trust calibration concepts, and the need for oversight. 
However, there is a gap in how to implement and integrate these pieces into a coherent, 
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practical framework within an organization. Most academic studies focus on either technical 
algorithms or abstract frameworks, and most industry surveys diagnose the problem without 
prescribing concrete remedies beyond high-level advice. For instance, while Fernando et al. [15] 
provide a theoretical model for adaptive explanations, they do not demonstrate how it would be 
applied in a real incident management tool. Similarly, Sami et al. [7] highlight the need for 
explainable AI, but stop short of detailing organizational processes to achieve trust. To date, 
there has been little empirical evaluation of interventions to increase operator trust in AI over 
time. 

This thesis addresses the above gap by proposing a holistic framework for trustworthy 
AI-assisted on-call operations. Our work is positioned at the intersection of technical tool design 
and organizational process: we combine data quality assurance, AI explainability features, 
human governance policies, and feedback mechanisms into an actionable playbook for teams. 
Unlike prior approaches that introduce AI tools in isolation, the framework considers how such 
tools should be onboarded, governed, and iteratively improved within on-call workflows. We 
contribute new empirical evidence through a within-subjects, pre/post, scenario-based study: by 
surveying and interviewing practicing engineers before and after exposure to the framework, we 
observe changes in their reported trust and intended reliance on AI-assisted observability tools. 
Taken together, our findings provide initial backing for the claim that trust can be 
operationalized: participants reported greater willingness to delegate low-risk remediations to AI 
under the framework. In this way, our work extends the state of the art by offering a practical, 
empirically informed solution to a well-recognized problem and supporting it with multi-faceted 
evaluation. 

IV. Four-Pillar Framework 
The intervention we evaluate is a four-pillar organizational framework for trustworthy AI-assisted 
observability and on-call operations. Rather than introducing a new AI model, the framework 
defines requirements on how AI tools must be embedded into data pipelines, user interfaces, 
and team processes before engineers are asked to rely on them. It has four pillars:  

(1) data quality governance, which ensures that the telemetry feeding the AI is complete and 
monitored;  

(2) operational explainability, which requires every AI alert or recommendation to surface a 
human-interpretable rationale;  

(3) calibrated human-in-the-loop oversight, which constrains what the AI is allowed to do at 
different risk levels and guarantees human review and override; and  

(4) feedback and continuous learning, which closes the loop by capturing operator feedback and 
incident outcomes so the AI and the surrounding processes can improve over time.  

Each pillar is designed to address a trust barrier identified in the background and related work: 
doubts about data quality (Pillar 1), opaque “black-box” decisions (Pillar 2), fear of losing control 
to automation (Pillar 3), and concern that AI errors will accumulate or decisions will drift without 
correction (Pillar 4). 

The framework prescribes a small set of practices under each pillar that teams can implement 
around any AIOps or incident-assistant tool. 
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● Data quality governance: Teams define minimum telemetry coverage and schema 
standards (e.g., OpenTelemetry), monitor for gaps or corrupt signals, and treat broken 
observability as an operational incident in its own right. 

● Operational explainability: AI outputs are required to expose the key signals and 
correlations driving each recommendation (e.g., memory saturation on pods X/Y plus 
recent deployment Z) and, where possible, link back to raw dashboards or logs; alerts 
without a clear rationale are treated as non-actionable. 

● Human-in-the-loop oversight: The framework defines explicit automation tiers, from 
read-only suggestions by default, to auto-generated runbook steps that require human 
approval for medium-risk actions, to tightly scoped, pre-approved autonomous actions 
for low-risk fixes, all with audit logs and easy rollback. 

● Feedback and continuous learning: Incidents involving AI suggestions are reviewed in 
post-mortems, engineers can rate or correct AI outputs inline, and those signals are fed 
back into model updates and configuration changes. 

In the study, this four-pillar playbook is what participants are asked to reason about and 
hypothetically apply to real incidents; the subsequent evaluation measures whether this 
structured bundle of data, oversight, and learning practices changes their reported trust and 
willingness to use AI during on-call work. 

V. Methods 

5.1 Research Design & Justification 
We employ a mixed-method, within-subjects pre/post study with practicing engineers, but our 
evaluation of the four-pillar framework is hypothetical rather than deployed in production. 
Participants first rate their current trust in, and willingness to use, AI-assisted observability tools 
based on their existing experience (pre-framework baseline). We then introduce the proposed 
four-pillar trust framework and walk them through a set of concrete, framework-aligned 
examples (e.g., mock alerts, UI snippets, and process changes), asking them to imagine using 
an AI tool implemented according to these practices. After this exposure, participants complete 
the same trust and usage ratings again (post-framework) and take part in a semi-structured 
interview about how, and why, the framework would change their attitudes and intended 
behaviors. This mixed-method, scenario-based design still provides triangulation: the pre/post 
survey scores offer empirical indicators of how the framework would affect trust and willingness 
to use AI (RQ1/RQ2), while the interviews explain the mechanisms behind those shifts and 
surface limitations and concerns (RQ3). 

5.2 Setting and Participants  
Our study recruits 10 practicing on-call engineers from 4 large internet-scale companies, all of 
whom regularly work with distributed microservices, containerized deployments, and modern 
observability stacks (logs, metrics, traces, and alerting). Participants have between 5 and 15 
years of experience in DevOps/SRE or related on-call roles (median ~8 years) and are familiar 
with common monitoring and incident response tools. While their teams had begun exploring 
AI-assisted features (e.g., anomaly detection or automated correlation in existing tools), none 
were yet relying heavily on AI for critical incident decisions; this made them a good fit for 
evaluating a trust-building framework. Sessions were conducted in a controlled setting using 
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realistic, anonymized incident scenarios rather than live production, and participants were 
informed that the goal was to understand how the proposed four-pillar framework would affect 
their trust and intended usage of AI in their on-call workflows. This setting provides an 
ecologically grounded, though small-scale, view into how experienced engineers reason about 
adopting AI in observability and incident management. 

5.3 Data Sources  
To capture the impact of the framework, we collected 2 types of data, each mapped to our 
research questions and pillars of trust: 

● Surveys: We developed a structured questionnaire to quantitatively gauge engineers’ 
trust in AI-driven observability tools and their willingness to rely on or use these tools. 
The survey included Likert-scale items adapted from established trust-in-automation 
scales and custom questions targeting our context. Participants completed this survey 
twice within a single study session – once before the framework introduction (baseline) 
and again after the framework walkthrough and scenario exercises – to measure any 
change in their reported trust levels and intended adoption of a framework-aligned AI 
tool. 

● Interviews and Qualitative Feedback: We conducted semi-structured interviews with 
each participant at two points in the same session, pre- and post-framework exposure. In 
the initial interview, we explored their current observability practices, any existing 
AI/automation tools, and their feelings of trust or mistrust (“Can you recall a time an 
AI-based alert was wrong or hard to believe? What did you do?”). In the follow-up 
interview, we asked how, in their view, the framework’s elements would affect their 
workflow if implemented (for example, “If AI alerts came with the kinds of explanations 
we showed, would that change how you respond?”), and which pillars or features they 
expected to be most and least useful. Each interview lasted ~30 minutes. 

5.4 Procedures  
The study follows a conceptual mixed-method design conducted over approximately 3 weeks, 
combining simulated case analysis and expert evaluation. Instead of implementing the 
framework directly in production systems, we model and evaluate its hypothetical application 
through structured discussions, scenario walkthroughs, and comparative assessments by 
experienced SREs and engineers. 

 

Figure 1 illustrates the study’s structure: (1) Baseline Trust Assessment, (2) Framework 
Introduction and Hypothetical Application, and (3) Post-Evaluation Reflection. 
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5.4.a Baseline Assessment 
Participants completed a pre-study survey and interview capturing their current use of 
AI-assisted observability tools, perceived data reliability, and levels of trust or skepticism. With 
an NDA and organizational consent, participants described what went wrong, how automation 
or AI assisted, and where confidence failed. These discussions surfaced real pain points around 
data gaps, unexplained alerts, and limited confidence in automation, forming a grounded 
baseline for later reflection. 

5.4.b Framework Introduction and Hypothetical Application 
Participants were introduced to the four-pillar trust framework, including conceptual 
explanations, examples from prior research, and simple visual diagrams. Instead of direct 
implementation, participants hypothetically applied the framework to the same real incidents 
they had discussed earlier. For each case, they were prompted to reason through questions 
such as: 

● “If you had automated telemetry validation in place, how might detection have changed?” 
● “If the AI could show its reasoning for an alert, would that have increased your 

confidence?” 
● “If the AI had an approval gate before executing an action, would you have accepted it?” 
● “If post-incident feedback were integrated, would you feel more ownership of the 

system’s behavior?” 

Participants evaluated how each pillar might alter their workflow, trust level, or willingness to rely 
on AI systems, without requiring live deployment. 

5.4.c Post-Evaluation Reflection 
After completing the framework walkthroughs, participants filled out a post-survey and 
participated in a follow-up interview. The survey repeated core trust and adoption items from the 
baseline and added ratings for each pillar’s perceived usefulness. 

In the interviews, participants shared their before-and-after perceptions, identifying which pillars 
felt most critical or realistic and where residual skepticism remained. They also discussed how 
their attitudes toward AI autonomy had shifted — for instance, whether they would now consider 
allowing AI to perform low-risk automated remediations. 

5.5 Analysis Methods 
Because this study evaluated the hypothetical application of the four-pillar trust framework 
rather than deploying it in production, analysis focuses on perceived change in trust and 
reasoning patterns across the three phases. Quantitative measures provide directional evidence 
of trust shifts, while qualitative analyses explain the reasoning behind those shifts. Together, 
they connect the data to the warrant. 

5.5.a Quantitative Analysis 
Survey Data: The pre- and post-surveys included parallel Likert-scale questions (1 = Strongly 
Disagree to 5 = Strongly Agree) about trust, perceived reliability, and willingness to adopt 
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AI-assisted observability tools. Each participant’s before/after responses were paired to 
measure directional change in: 

● Overall trust in AI recommendations 
● Perceived data reliability and transparency 
● Willingness to approve or delegate AI-suggested actions 
● Confidence in feedback and learning mechanisms 

Analysis relied on descriptive statistics including means and medians. These results were 
interpreted qualitatively (e.g., “most participants rated explainability higher post-framework”), 
emphasizing trends rather than statistical generalization. 

Cross-Pillar Ratings: In the post-survey, participants rated the perceived usefulness of each 
pillar. Average pillar scores were compared to identify which mechanisms (data quality, 
explainability, oversight, feedback) participants believed would most improve trust and safe 
adoption. 

5.5.b Qualitative Analysis 
Structured Interview Summaries: We summarized interview content under a predefined 
template aligned with the four pillars. For each participant, concise notes captured: 

● Key examples of incidents discussed 
● Hypothetical changes if the framework were applied 
● Reported shifts in trust or perceived reliability 
● Specific mentions of effective or weak pillars 

These summaries were aggregated across participants to count and compare recurring 
observations. For instance, if a majority of participants mentioned explainability as the most 
trust-enhancing factor, that pattern was recorded as a consensus trend, while dissenting views 
were noted qualitatively as outliers or rebuttals. 

Comparative Reasoning Patterns: Each participant’s “before vs. after” reflections on their real 
incidents were compared to identify reasoning shifts, focusing on three aspects: 

● Confidence Change: whether participants indicated they would act faster or trust the AI 
more under the hypothetical framework 

● Delegation Threshold: whether they would permit greater AI autonomy 
● Safety Assurance: whether governance or oversight features would increase their 

comfort with automated responses 

These comparisons were summarized in short analytical memos, which were then synthesized 
to highlight alignments across participants. 

Integrative Interpretation: Results from surveys and summarized interviews were integrated 
into a matrix of evidence: 

● Data: quantitative trust and pillar ratings, qualitative analysis 
● Warrant: prior literature suggesting explainability, oversight, and governance improve 

trust 
● Claim: adoption of the four-pillar framework increases trust and safe acceptance of AI 

assistance 
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If the majority of participants’ reported trust and confidence increased in the post-evaluation 
phase and they attributed those changes to framework elements, then the data supported the 
warrant. Any skepticism or disagreement served as a contextual rebuttal, indicating where the 
framework’s assumptions may not generalize. 

VI. Results 

6.1 Pre- vs Post-Study Ratings 
10 participants completed surveys before and after experiencing the four-pillar trust framework. 
The survey included six Likert-scale items (1 = Strongly Disagree, 5 = Strongly Agree) 
measuring different aspects of trust in AI-assisted observability tools. Across all six dimensions, 
ratings increased from the pre-study to post-study survey. Every participant’s score on each 
item either stayed the same or increased after seeing the framework (no decreases were 
observed). We report mean pre- vs. post-study ratings on six trust dimensions (higher values 
indicate greater trust or agreement). All dimensions show an increase in post-study ratings. 

 

Figure 2: Changes in Trust-Related Ratings Before and After the Framework. 

Key changes in ratings from pre- to post-study include: 

● Understanding of AI decisions: Increased markedly from a mean of 2.9 to 4.5 out of 5, 
indicating much greater self-reported understanding of why the AI makes its 
suggestions. 

● Trust in AI recommendations: Mean rating increased from 3.2 to 4.3. 
● Perceived data reliability: Increased from 3.5 to 4.1. 
● Ability to review/override AI actions: Rose from a mean of 3.8 before to 4.8 after (all 

participants strongly agreed post-study that they could review or override the AI’s 
actions). 
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● Willingness to let AI handle low-risk fixes: Increased from 3.1 to 4.4 on average, showing 
greater comfort with letting the AI automate routine, low-risk tasks. 

● Willingness to use AI in live incidents: Increased from a mean of 2.8 to 4.8, with almost 
all participants strongly agreeing post-study that they would use AI assistance during 
real incidents. 

In summary, participants reported higher trust in the AI tool on every measured dimension after 
evaluating the trust framework. Notably, post-study mean responses were near the maximum 
rating (5.0) on two critical items: the ability to override AI actions and the willingness to use AI 
during incidents. This suggests that, with the framework in place, participants felt much more 
confident in both controlling the AI and relying on it in high-stakes situations. 

VII. Discussion 

7.1 Quantitative Shifts in Trust and Confidence – A Closer Look 
Understanding of AI decisions and willingness to use AI in live incidents saw the largest 
improvements – rising from mean scores of 2.9 and 2.8 respectively (pre-framework) to 4.8 
(post-framework). Participants initially neither agreed nor disagreed that they understood AI 
alerts; after the framework’s explainability features, they almost strongly agreed they understood 
the AI’s logic. Similarly, willingness to use AI during real incidents jumped from a hesitant neutral 
stance to close to full agreement, suggesting the framework greatly increased comfort in 
leveraging AI under high-stakes conditions. 

Other trust measures also improved. Trust in AI recommendations rose from a neutral baseline 
(mean = 3.2) to a positive level (mean 4.3) – 8 of 10 engineers moved from neutral or low trust 
to agreeing that they trust the AI’s suggestions. Perceived ability to review or override AI actions 
increased notably (from mean 3.8 to 4.8); in fact, after learning about the human-in-the-loop 
oversight pillar, every participant strongly agreed they could review or veto the AI’s actions if 
needed. This unanimous post-study confidence in override control highlights the importance of 
the oversight mechanisms in assuaging fears of unchecked automation. Willingness to let the AI 
handle low-risk fixes (like auto-restarting a non-critical service) also climbed from a cautious 
average of 3.1 to about 4.4. Most participants became comfortable delegating routine “easy win” 
tasks to the AI after the framework, whereas before they were skeptical or only mildly agreeable 
to that idea. 

The dimension that showed a relatively smallest change was perceived data reliability. The 
average agreement that “the monitoring data the AI uses is reliable” moved from 3.5 before the 
framework to around 4.1 after the framework. This suggests that merely introducing a data 
quality pillar conceptually did not immediately boost confidence in the data itself; participants 
may feel actual improvements in data governance need to be demonstrated before their rating 
moves.  

Overall, all trust metrics improved, with “Understanding AI decisions” and “Using AI in live 
incidents” improving the most, and data reliability the least. These results indicate that the 
framework’s emphasis on explainability and oversight had an especially strong effect on user 
confidence, while trust in data quality may require actual data improvements or proof of 
reliability. 
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7.2 Qualitative Insights: Why Trust Improved 
Qualitatively, participants’ comments support these quantitative shifts. Before exposure to the 
framework, several engineers described skepticism and slow responses to AI alerts. For 
example, Engineer A admitted that if an AI-driven alert lacked explanation, they would “hesitate 
to act without understanding why the model believes so,” often double-checking information 
(such as dashboards or system logs) manually. Such hesitation aligns with the low pre-study 
scores on understanding and trust. Another participant noted that past false alarms or poor data 
quality had made them cautious – Engineer B said they had encountered noisy AI 
recommendations based on incomplete telemetry, leading them to distrust the data feeding the 
AI. These baseline attitudes resulted in neutral or low trust scores initially.  

After the framework walkthrough, however, participants felt many of their concerns were 
addressed. Engineer A explained that knowing the AI’s reasoning “changes the game – I’d be 
much quicker to trust its alert if I see why it flagged something.” This sentiment was common 
among all the participants who showed the biggest jumps in the understanding metric. Likewise, 
the guarantee of human oversight gave participants confidence to use the AI more boldly. 
Engineer C, who was initially uncomfortable letting the AI act on its own, noted that with 
oversight in place they are “much more comfortable letting the AI handle a routine fix, because I 
know I can always intervene or roll it back if needed”. This reflects the post-study consensus 
(4.8 mean) that they can review/override AI actions at will.  

In summary, the quantitative gains in trust metrics are corroborated by participants’ qualitative 
feedback: the framework directly addressed key pain points (opacity of AI decisions, fear of 
losing control, etc.), thereby measurably increasing their trust and willingness to rely on the AI 
tool. 

7.3 Perceived Usefulness of Each Trust Pillar 
After the framework introduction, participants evaluated the usefulness of each of the four pillars 
– data quality governance, explainability, human oversight, and feedback loops – in building 
their trust. All pillars were generally viewed favorably, but not all were seen as equally useful or 
immediate. When asked to single out which pillar most improved their confidence, responses 
skewed toward explainability. 
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Figure 3: Participants’ Choices of the Most Confidence-Boosting Pillar. 

The chart above shows how many of the 10 participants identified each pillar as the most useful 
for improving their trust in the AI tool. Explainability was the top choice for a majority (4 out of 
10) of participants – the most frequently cited pillar – whereas human oversight and data quality 
governance were named by fewer participants (3 and 2, respectively). Notably, only one of the 
participants chose the feedback loop pillar as the most confidence-improving.  

This distribution suggests that making the AI’s reasoning transparent (pillar 2) was perceived as 
the most critical factor in trust-building, more so than improvements to input data quality or the 
promise of model learning over time. 

It’s important to note that although only 3 people picked “Human-in-the-loop oversight” as their 
top pillar, others still rated it highly – in fact, all participants strongly agreed that having manual 
approval gates is useful. The dominance of explainability in the “pick-one” choice reflects that, 
when forced to choose, participants felt understanding why the AI makes decisions is the 
biggest game-changer for trust. Engineer A, for instance, commented that without clear 
explanations, “it doesn’t matter how good the data is – I won’t trust a recommendation if I can’t 
see some rationale behind it.” This aligns with the weight given to explainability. Meanwhile, 2 
engineering managers (Engineer D, Engineer E) selected data quality governance as most 
important, emphasizing that “if the data feeding the AI isn’t trustworthy, nothing built on it will be 
trustworthy”. This participant had earlier expressed concern about noisy metrics; for them, the 
commitment to robust data validation and filtering was the key confidence booster. 

The feedback loop pillar (continuous learning from operations) received the lowest enthusiasm. 
Participants generally agreed it was a good idea but saw it as more long-term. In interviews, a 
couple of engineers noted that while feedback mechanisms (like learning from mistakes or 
operator input) are valuable, they “don’t immediately increase my trust in the moment”. For 
example, Engineer B likened the feedback pillar to “training wheels that eventually make the AI 
better for future teams” – beneficial for sustained improvement but not something that directly 
assures them during an ongoing incident. This perspective helps explain why only 1 participant 
chose feedback loops as the top factor, even if they didn’t rate it negatively. In fact, participants 
did acknowledge all four pillars as useful to some extent. 
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In summary, the framework pillars most credited for building trust were those that increase 
transparency and ensure control. Participants overwhelmingly felt that seeing why the AI is 
making a recommendation (Pillar 2) and having the ability to approve or override the AI’s actions 
(Pillar 3) directly addressed their trust concerns. Strong data quality practices (Pillar 1) were 
also considered important. The feedback pillar (Pillar 4), while conceptually positive (helping the 
AI improve over time via user feedback or learning from outcomes), did not tangibly move the 
needle on short-term trust for these users. As we discuss next, these nuances have implications 
for how organizations might prioritize interventions to build trust in AI-assisted operations. 

7.4 Framework Efficacy and Support for the Claim 
The study results largely support the thesis claim that a four-pillar framework can increase 
engineers’ confidence in AI-assisted observability and on-call tools. Every participant showed a 
positive shift in trust after being exposed to the framework, with particularly strong gains in their 
understanding of the AI’s decisions and willingness to rely on the AI during incidents. These 
improvements directly align with the framework’s intentions: by instituting data quality 
governance, AI explainability, human-in-the-loop oversight, and feedback loops, the organization 
addressed the very factors that prior literature and our participants identified as trust barriers 
(poor data, opaque logic, lack of control).  

Crucially, the two pillars that participants found most useful – explainability and human oversight 
– correspond to well-known trust enablers in automation. The fact that all participants strongly 
agreed they could oversee/override the AI and that most felt the AI’s reasoning was now 
understandable demonstrates that the framework delivered meaningful changes in perception. 
These changes led directly to behavioral intent shifts: by the post-study interview, several 
engineers said they would respond faster to AI alerts or consider allowing the AI to handle 
certain tasks that they would not have before.  

That said, the evidence is nuanced and does not imply that all trust issues vanished. 
Importantly, the pillar addressing data quality did not produce an immediate leap in confidence. 
While participants appreciated that data governance was part of the framework, some remained 
cautiously “on the fence” about data reliability until proven. This indicates partial support: the 
framework as a whole builds trust, but certain components may need more time or tangible 
outcomes to fully earn engineers’ confidence. Similarly, only one participant singled out the 
feedback loop pillar as a game-changer in the short term – again not contradicting the claim but 
suggesting that its trust benefits might appear more gradually. 

7.5 Alternative Explanations and Rebuttals 
We must consider whether factors other than the framework could explain the observed trust 
gains. One alternative interpretation is a Hawthorne effect [17] or expectation bias: participants 
knew the study was about improving trust in AI, so they might have been inclined to report 
higher trust simply because they expected an intervention to help or wanted to show a positive 
outcome. For instance, engineers might have felt pressure (even if unintended) to appear more 
trusting post-intervention, especially since the researcher walked them through the framework. 
We tried to mitigate this by emphasizing honest feedback, and indeed participants still voiced 
some skepticism (e.g. about data quality), suggesting they did not just tell us what we wanted to 
hear. Nonetheless, we cannot fully rule out that some of the increased ratings were influenced 
by participants’ awareness of the study’s goals or their desire to be seen as open-minded to 
new practices. 
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Another possible rebuttal is that time and familiarity alone improved trust, independent of the 
framework itself. All participants spent time discussing AI tools and trust issues, and simply by 
reflecting on their experiences and seeing any structured approach, they might have grown 
more comfortable with AI assistance. In other words, perhaps any well-organized discussion or 
training could have boosted confidence, not necessarily the specific four pillars proposed. This 
is a valid point—prior studies show that education and exposure often build trust by reducing 
uncertainty. However, participants’ feedback was specific about which framework elements 
influenced them; they frequently cited the explanation feature or approval process as reasons 
for increased trust. This suggests that the framework’s content, not just familiarity, drove the 
change. Still, a longer trial with a control group (e.g. another team that only receives generic AI 
training without the four pillars) would be needed to conclusively rule out these effects. 

One could also argue that our sample of participants may have been predisposed to embracing 
AI, making the trust increase somewhat inevitable once key issues were addressed. All 
participants were from organizations already interested in AIOps and had several years of 
experience—they were neither complete skeptics nor novices. A skeptic might say: “These 
engineers wanted AI to work; once you gave them a framework that checked some boxes (data, 
explainability, etc.), they jumped on board.” This is a fair point and relates to external validity. 
The framework may have been “preaching to the choir” to some extent—helping those already 
inclined to trust AI once conditions were right. It was never meant to convert adamant 
detractors, but to guide organizations willing to adopt AI in a trustworthy way. However, the 
claim could be challenged in cases where baseline attitudes are more negative – that remains 
to be tested in future work. 

Finally, some might question whether all four pillars are necessary. Since explainability and 
oversight showed the most visible impact, one could argue that these two alone are sufficient, 
while data quality and feedback loops are secondary. Our data do show a ranking of pillar 
influence, but we caution against assuming any pillar is dispensable. Participants valued all 
four—for instance, even if data quality didn’t immediately shift perceptions, everyone agreed it 
was a critical foundation, and feedback loops, though slower to show results, were seen as key 
to sustaining trust over time. At the same time, this study does not definitively establish that all 
four pillars are strictly required. Future work could more rigorously test the necessity of each 
pillar—for example, by selectively adding or removing pillars in controlled deployments—or 
refine and operationalize the pillars in ways that make their value more noticeable and 
necessary to practitioners. 

7.6 Qualifiers and Boundary Conditions 
It is important to clarify the scope and qualifiers of our conclusions, consistent with the thesis’s 
qualified claim. First, the framework assumes a reasonable baseline of AI competence. It can 
help users trust an AI tool, but if the system performs poorly or erratically, no amount of 
explainability or oversight will fully restore trust. In our study, the AI systems were at least 
somewhat useful—the framework’s role was to make their reasoning clearer and minimize risk 
from errors. It is not a magic wand to make a bad AI seem good; its benefits depend on basic 
model quality. 

Second, the framework presumes an organizational culture open to data-driven improvement. 
Our participants worked in supportive environments with management buy-in. In highly 
change-averse or punitive cultures, adoption might falter without leadership endorsement for 
data quality, explainability, or oversight processes. 
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Moreover, our discussion presumes that trust as measured by self-reported Likert agreement 
indeed correlates with actual usage behavior. A qualifier here is that expressed willingness to 
use AI (post-survey) must translate into real willingness when an incident happens at 3 AM. We 
believe the strong positive shift is meaningful, but until those engineers are in the field with a 
framework-enabled tool, we can’t be certain they will act in accordance with their survey 
responses. Thus, the framework demonstrably builds stated confidence and willingness, but 
validating behavioral trust will require longer-term observation. This does not contradict the 
thesis claim but nuances it – the claim is about increasing willingness and confidence, which we 
have shown, but the realization of that trust in practice is an area for further examination. 

VIII. Conclusion 
This study provides initial evidence that the four-pillar framework offers a practical and 
promising path to strengthen trust in AI for observability and on-call contexts. Addressing data 
quality, explainability, oversight, and feedback can meaningfully shift engineers from cautious 
acceptance to confident use of AI tools. By embedding these principles, organizations and 
researchers can move closer to achieving AI-augmented operations that enhance reliability 
without compromising human judgment or accountability. 

8.1 Implications for Industry Adoption 
The positive results of this pilot study have several implications for organizations looking to 
adopt AI in their observability and on-call practices. First, it suggests that companies should not 
deploy AI tools in a vacuum – they need to invest in the surrounding infrastructure of trust. The 
framework tested here provides a playbook with the four pillars. Implementing these pillars 
requires collaboration across data, UX, ML, and management teams, but the payoff is higher 
trust, engagement, and real operational benefits. In short, organizations must “operationalize 
trust” alongside deploying AI. 

Second, the finding that explainability and oversight were most valued implies that tool vendors 
and platform teams might prioritize those features when introducing AI into incident 
management. Examples include an “explain” button showing why alerts were raised, or approval 
interfaces that let engineers supervise automated fixes. This human-in-the-loop design builds 
comfort and prevents early trust erosion. A phased rollout—starting with recommendations, then 
supervised automation, and later limited autonomy—can help teams gain confidence gradually. 

Third, the lack of immediate enthusiasm for the feedback loop pillar suggests companies should 
temper expectations about continuous learning features. While in theory a system that learns 
from every incident and operator comment is great, in practice engineers might not see the 
benefit right away and thus may not engage with the feedback mechanism. Closing this loop 
visibly fosters a virtuous cycle: feedback improves performance, which builds more trust and 
engagement. Organizations should monitor trust over time through surveys or sentiment 
tracking, treating trust metrics as seriously as operational KPIs like MTTR. 

8.2 Future Research Directions 
While this study provides encouraging evidence for the framework’s effectiveness, it also raises 
important questions for future research. A clear next step is to conduct larger-scale evaluations 
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with more participants across diverse teams—and ideally with a control group—to validate 
which effects generalize. It would be valuable to test whether explainability remains the 
dominant factor in other contexts, or if domains like aerospace or healthcare require additional 
pillars such as security or compliance. Future work could also quantify each pillar’s contribution 
through statistical modeling, identifying which factors most strongly predict trust gains. 

Another direction is to move from stated intent to observed behavior. A longitudinal deployment 
study, where teams use an AI tool incorporating the framework over several months, could 
reveal how trust translates into real actions—such as faster responses to AI alerts or greater 
willingness to approve automated fixes. Measuring operational outcomes like reduced outages 
or shorter resolution times would strengthen the evidence linking trust to performance. Such 
studies could also track resilience: whether trust holds steady or declines after AI errors, and 
whether retraining or reorientation sessions are needed to restore confidence. 

8.3 Closing Thoughts 
Ultimately, operationalizing trust in AIOps is as much a socio-technical challenge—spanning 
people, process, and governance—as it is a modeling problem. By making those dimensions 
explicit and testable, this thesis aims to provide a starting point for teams who want to build 
AI-augmented operations they can genuinely trust.  
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Appendix 
Appendix 1 - Survey Questionnaire 
Each item uses a 5-point Likert scale (1 = Strongly Disagree, … 5 = Strongly Agree) unless 
noted. 

Questions asked in BOTH pre-study and post-study 

1. I trust the recommendations produced by AI-assisted observability / on-call tools. 
2. I believe the monitoring / telemetry data these AI tools use is reliable enough to act on. 
3. When an AI tool raises an alert or suggestion, I understand why it’s doing that. 
4. I feel I can review or override AI-suggested actions before they affect production. 
5. I would be comfortable letting AI automatically handle low-risk fixes (e.g., restarting a 

non-critical service). 
6. I am willing to use AI assistance during live incident response. 

Questions asked ONLY at pre-study (baseline context) 

1. In the past month, I have acted on an AI-generated alert or recommendation. 
2. When AI/automation was wrong in the past, it reduced my willingness to use it again. 
3. (Open-ended) Briefly describe one situation where AI/automation helped or hurt during 

an incident. 

Questions asked ONLY at post-study (after framework exposure) 

1. The four-pillar framework (data quality, explainability, human approval, 
feedback/learning) would increase my confidence in using AI during incidents. 

2. After seeing the framework, I would support giving AI more autonomy for well-defined, 
low-risk actions. 

3. (Pick one) Which pillar most improved your confidence? 
○ Data quality governance 
○ Explainability / show reasoning 
○ Human approval / oversight gates 
○ Feedback & continuous learning 

Appendix 2 - Interview Guide 
Pre-Study Interview (Before Framework) 

Goal: establish baseline perceptions of trust, experience, and pain points. 

1. Tell me about a recent incident or alert that was difficult to handle — what made it 
challenging? 

2. Did any AI or automation features help (or hurt) during that incident? How did you decide 
whether to trust them? 

3. What kinds of data or signals do you rely on most when debugging? Where do you 
usually notice data quality problems? 

4. When tools surface anomalies or root causes, what kind of explanation or visualization 
actually helps you believe the result? 

5. What changes—either in tools, data, or process—would make your incident response 
work easier or more trustworthy? 
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Post-Study Interview (After Framework Exposure) 

Goal: capture reflections on the four-pillar framework and any change in trust or willingness to 
adopt. 

1. Thinking of the incidents you described earlier, how might the framework have changed 
your investigation or decision process? 

2. Which parts of the framework felt practical to implement in your environment, and which 
felt unrealistic or heavy? 

3. Did anything in the framework make you look at existing AI tools differently—for 
example, how you interpret their outputs or review their data? 

4. What support or policy changes would your team or company need before applying this 
framework in production? 

5. If you could simplify or improve one aspect of the framework to make it more usable, 
what would you change? 

Appendix 3 - Survey Responses 

Pre-study Survey 

# Role / team context: 

In the past 
month, I 
have acted 
on an 
AI-generat
ed alert or 
recommen
dation. 

When an 
AI tool 
raises an 
alert or 
suggestion
, I 
understan
d why it’s 
doing that. 

I trust the 
recommen
dations 
produced 
by 
AI-assisted 
observabili
ty / on-call 
tools. 

I believe 
the 
monitoring 
/ telemetry 
data these 
AI tools 
use is 
reliable 
enough to 
act on. 

I feel I can 
review or 
override 
AI-suggest
ed actions 
before 
they affect 
production. 

I would be 
comfortabl
e letting AI 
automatica
lly handle 
low-risk 
fixes (e.g., 
restarting 
a 
non-critical 
service). 

I am willing 
to use AI 
assistance 
during live 
incident 
response. 

When 
AI/automat
ion was 
wrong in 
the past, it 
reduced 
my 
willingness 
to use it 
again. 

1 Engineering Manager 2 3 3 4 3 3 3 3 

2 Software Engineer 4 3 4 4 4 3 4 3 

3 Engineering Manager 4 2 3 3 3 4 3 3 

4 Software Engineer 3 2 3 2 4 3 3 4 

5 Software Engineer 2 2 3 3 4 2 2 4 

6 Software Engineer 5 4 3 3 4 4 3 3 

7 Engineering Manager 1 4 4 4 5 4 4 2 

8 Software Engineer 3 3 3 4 4 3 3 4 

9 Software Engineer 2 3 3 4 3 2 1 4 

10 Software Engineer 4 3 3 4 4 3 2 3 

 Mean 3 2.9 3.2 3.5 3.8 3.1 2.8 3.3 
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