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Abstract
Artificial Intelligence (AI) assistance has become an integral part of
software development, helping developers plan, explain, and gener-
ate code. As the boundary between human agency and AI reliance
blurs, traditional measures of program comprehension, such as task
success or completion time, increasingly capture AI effectiveness
rather than the depth of human understanding. Without a better
understanding of how developers rely on AI and how it replaces
human expertise, it is difficult to assess its short- and long-term
effects on comprehension and capability.

We conducted a controlled study with 21 participants work-
ing on two realistic change tasks, with or without AI assistance.
Using quantitative and qualitative data from screen recordings, per-
formance metrics, and questionnaires, we performed a thematic
analysis and derived nine key characteristics that informed three
AI reliance personas: self-sufficient, understanding-gated, and AI-
steered developers. Analyzing participants through this persona
lens revealed substantial differences in comprehension and capabil-
ity that aggregate comparisons between AI and No AI conditions
masked. Self-sufficient developers demonstrated deep understand-
ing, understanding-gated developers retained conceptual under-
standing but relied on AI for execution, and AI-steered developers
completed tasks quickly yet without meaningful comprehension.
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These findings highlight the importance of accounting for AI re-
liance, as short-term AI-assisted productivity gains can mask a
growing comprehension debt, where cognitive work is outsourced
to AI at the expense of human expertise and sustainable skill devel-
opment.
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1 Introduction
Generative AI has become a routine companion in software devel-
opment: developers ask assistants to outline plans, explain unfa-
miliar code, and generate patches that compile on the first attempt
[3, 13, 29]. As this assistance becomes ubiquitous, a core question
emerges: what exactly does a human developer (still) comprehend?
Most traditional program comprehension studies use proxies for
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understanding, such as task success or time-on-task [48]. Yet, when
developers outsource the planning and execution of a task to AI
assistants, these proxies reflect more of the effectiveness of the AI
assistant than the depth of human comprehension.

Recent studies have examined how AI assistance influences pro-
gram comprehension by comparing developers’ performance on
small controlled tasks with AI to a baseline without AI [11, 44, 50].
These comparisons provide valuable insights but are limited to
short code snippets and simplified contexts, assessing AI assistance
only at an aggregate level (AI vs no AI). In practice, developers
integrate AI assistance into their workflows in diverse ways: as a
tutor for refining plans, as a source of “glue” code, or even as the
primary driver of a solution. This diversity highlights the need to
characterize not just how AI is used, but also how much developers
rely on it. Such reliance has become so embedded that AI assis-
tance can no longer be meaningfully isolated, much like one would
not remove an IDE to study its impact on programming produc-
tivity today. Instead, understanding program comprehension and
developer behavior in the age of AI requires examining patterns of
reliance and the substitution of human expertise with AI, as these
dynamics shape both what developers understand and how that
understanding evolves. This poses the following research questions:

RQ1 How does AI reliance manifest during program comprehen-
sion and coding?

RQ2 What are the implications of AI reliance for program com-
prehension?

To investigate these questions, we conducted a controlled study
with 21 participants working on two realistic web application de-
velopment tasks, with and without access to generative AI assis-
tance. The study tasks involved modifying a larger codebase and
coordinating changes across frontend and backend components,
activities that, before the advent of generative AI, typically required
a conceptual understanding of how system components interact.
Throughout the study, we collected a rich set of qualitative and
quantitative data, including performance metrics, screen record-
ings, and responses to questionnaires assessing comprehension and
experience. Following a thematic analysis approach, we derived
nine characteristics that capture the most prominent patterns in
the data and informed three AI reliance personas: self-sufficient,
understanding-gated, and AI-steered developers. Viewing devel-
oper behavior through this persona lens offered a more nuanced
understanding of AI reliance and the outsourcing of comprehension
and capability to the AI. While self-sufficient developers understood
planned, and executed their changes, understanding-gated devel-
opers formed a conceptual understanding and authored their plan,
but leaned on AI for execution, and AI-steered developers thrived
with AI yet struggled without it and lacked comprehension.

These findings highlight the importance of an AI reliance-aware
perspective in future studies of program comprehension and devel-
oper performance, as aggregate comparisons between AI and No AI
conditions may mask critical differences in human understanding
and capability. In particular, while extensive AI reliance may lead to
short-term productivity gains, it can create a growing comprehen-
sion debt, a gap between the code that developers can produce with
AI and what they genuinely understand. Over time, this debt may

erode core competencies and long-term skill development. This
paper makes the following key contributions:

• AI Reliance Persona Taxonomy. We introduce a taxon-
omy comprising three AI reliance personas and nine asso-
ciated characteristics, derived from an in-depth analysis of
data collected in a controlled study. The taxonomy offers a
reusable framework for nuanced analysis of developer be-
havior, code comprehension, and capability during software
change tasks.

• Empirical insights. Using data from 21 participants per-
forming realistic web application change tasks, we provide
observations on how varying levels of AI reliance substan-
tially affect comprehension and capability, providing empiri-
cal evidence for the value of the taxonomy.

• Implications for research and practice. We discuss how
AI reliance shapes program comprehension and developer
performance, and how early AI-enabled productivity gains
may hide comprehension debt, posing long-term risks for
junior developers and their learning trajectories.

We provide the dataset, the taxonomy with additional details
and participant mappings, and the replication package [2] as a web
app companion at https://aireli.hasel.dev.

2 Related Work
There is extensive research on program comprehension and, more
broadly, on how developers understand and modify code, cover-
ing a wide range of aspects such as the cognitive processes in-
volved [7, 38, 45], the mental models formed during comprehension
[18, 24], and the influence of code readability and legibility on
understanding [33]. Many of these studies, particularly those on
program comprehension, tend to use small, researcher-created, self-
contained code snippets that participants can grasp quickly, thereby
avoiding tasks requiring architectural understanding across files
or modules, as demonstrated by the systematic mapping study of
Wyrich et al. [48]. With modern AI assistants now capable of solv-
ing such isolated snippet tasks with ease [3, 21, 37, 53], there is
an increasing need to design comprehension experiments that in-
volve larger, more complex, and realistic codebases. While recent
educational studies have begun to explore related challenges and
opportunities [41], there is a continued need for empirical work
on comprehension in larger, interconnected systems, particularly
as AI assistants become increasingly ubiquitous and proficient at
handling small-scale code tasks.

Prior work across software engineering and computing educa-
tion already showed that developers use AI not only to generate
code but also for conceptual understanding, planning, and debug-
ging [15, 19, 22, 23]. A recurring characterization is a bimodal pat-
tern of use. Developers turn to AI for accelerationwhen they already
know the next step and want efficiency on routine actions, and for
exploration when they face uncertainty and seek candidate direc-
tions or examples [3]. Framing usage in this way might explain
why reported outcomes on speed and productivity vary widely
[4, 14, 34, 37]. Alongside potential productivity benefits, multiple
types of risk are repeatedly raised by studies investigating the ef-
fects of AI. Security analyses show that AI generated code often

https://aireli.hasel.dev
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contains known vulnerabilities, which raises the bar for valida-
tion and comprehension rather than adoption based on surface
plausibility [20, 31, 36]. Concerns about functional correctness are
similarly widespread [9, 26, 28], as are worries about maintainabil-
ity and long-term quality, including style consistency, dependency
management, and readability for future change [12, 16, 27]. Across
these threats, researchers emphasize calibration of trust as a me-
diating factor that shapes whether outputs are scrutinized, tested,
and adapted or accepted with minimal evaluation [8, 41, 46].

Studies of experienced engineers describe triage practices that
rely on architectural knowledge, idioms, and tests to probe assump-
tions and fit AI suggestions into existing constraints [4, 30, 43]. In
educational and early career contexts, by contrast, empirical work
reports difficulties in formulating and refining prompts, in recogniz-
ing model errors, and in recovering from misleading outputs. These
challenges can foster automation bias and illusions of competence,
where fluent output is mistaken for understanding [32, 40, 52]. For
less experienced developers, AI reliance can therefore outpace hu-
man comprehension unless evaluation strategies are made explicit
and supported. Early work showed that designing such assistants in
the IDE improved success and satisfaction on code understanding
tasks, suggesting that reliance risks can be mitigated when the
assistant is situated within comprehension activities during code
generation [30, 51]. At the same time, using LLMs to enhance under-
standing should be used with caution: evaluations of ChatGPT on
program comprehension questions reveal weaknesses analogous to
novices, including difficulty following execution traces and missing
subtle but important details [25]. Evidence with novices further
shows that initial trust can be high and plausibility can be mistaken
for correctness, strengthening the case for interfaces that surface
uncertainty and rationale during comprehension [39].

Taken together, the literature situates reliance as shaped by both
task demands and developer expertise. Especially for novices, re-
lying on AI can obscure gaps in understanding and amplify risks
around security, correctness, and maintainability unless evaluation
and verification are emphasized. Yet, despite growing interest in
how AI assistance influences developer behavior, we still lack a
nuanced understanding of how reliance on AI affects human com-
prehension during realistic, multi-file development tasks, a gap that
this work begins to address.

3 Methodology
The goal of this study was to examine how reliance on generative
AI affects task performance, with a particular focus on comprehen-
sion, overall execution and learning effects across similar tasks. To
address this goal, we conducted a controlled lab experiment with 21
participants, each working on a sequence of two tasks (𝑇1,𝑇2), while
altering whether or not the participant was allowed to use genera-
tive AI for the first task𝑇1. Specifically, we randomly assigned each
participant to one of two groups: one group was allowed to perform
𝑇1 with generative AI (i.e., using the free tier of ChatGPT with the
GPT-4o model), while the other group had to perform 𝑇1 without
it and was only given access to traditional web use such as search,
online documentation, or Stack Overflow. For 𝑇2, both groups were
not allowed to use any external help (i.e., no generative AI and no
web use). We designed the two tasks to be similar yet distinct: 𝑇2

mirrored 𝑇1 in structure and complexity, allowing us to observe
learning effects across tasks, while differing enough to prevent
simple replication and require meaningful adaptation. Overall, this
design allowed us to compare generative AI use between subjects for
𝑇1 and also to assess how much learning/comprehension effects car-
ried over from task 𝑇1 to 𝑇2 within subjects. Since 𝑇2 was designed
to capture carry-over effects from 𝑇1, a fully counterbalanced or
cross-over design (e.g., allowing ChatGPT in 𝑇2) would blur carry-
over effects with the effects of using ChatGPT during𝑇2. The study
was approved by our institutional ethics board and participants
were reimbursed US$50 for their participation irrespective of task
success or time.

3.1 Participants
We recruited undergraduate and graduate students in computer
science or related fields via email, word of mouth, and advertising in
a software engineering project course, where students develop web
applications. To be eligible, participants had to have at least basic
experience in web development using TypeScript. Before partici-
pating, they received detailed procedural information, completed a
demographics and programming experience survey, and signed an
IRB-approved consent form. A total of 𝑁 = 22 participants (18 male,
4 female, aged 24.0 ± 2.0 years) took part in the study. They had
an average of 1.4 ± 1.9 years of professional and 4.6 ± 3.7 years of
total programming experience; 10 were Bachelor’s and 12 Master’s
students. One participant was excluded for noncompliance with
our written and verbal instructions, leaving 21 for analysis.

3.2 Procedure
The study lasted a maximum of two and a half hours and was
conducted in person. It began with an onboarding session in which
participants set up the provided GitHub Codespace and verified
that they could start the server and preview the web application.
We confirmed that each environment was functioning properly
before proceeding.

In the main part of the study (see Figure 1), participants were
asked to work on two tasks (first 𝑇1 followed by 𝑇2). For each task,
they received a description with acceptance criteria (for validating
successful completion), an overview of the repository structure, and
local run instructions in a README. After each task, participants
were asked to complete two questionnaires: one on task experi-
ence and one assessing comprehension. Participants who did not
complete a task within two hours were asked to proceed to the
questionnaires to keep the total procedure time below 2.5 hours.

Participants were randomly assigned to the AI or No AI group
in a rolling fashion. Because recruitment was continuous (with par-
ticipants added over time and occasional no-shows), we generated
randomized assignments in batches throughout the study using a
computer script. For the second task 𝑇2, both groups had to com-
plete it without generative AI. Copilot and other code completion
tools were disabled throughout the study. We verified adherence
to the assigned conditions and use of tools via screen recordings.
Statistical comparisons of self-reported familiarity scores provided
prior to participation confirmed that both groups were balanced
across study programs (𝑝 = 0.239), frontend familiarity (𝑝 = 0.280),
and backend familiarity (𝑝 = 0.115), with no significant differences.
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Figure 1: Overview of study procedure (red boxes indicate no
use of external help such as using the web or generative AI).

3.3 Tasks
Rather than using short, isolated programming exercises, we de-
signed realistic web application development tasks that required
participants to navigate and modify a larger, multi-file codebase, co-
ordinating changes across both frontend and backend components.
The frontend consisted of 234 files based on an enterprise-grade
ecommerce starter template [5]. The backend comprised 13 files
intended to mimic the initial files of a new backend system. We
deliberately designed the tasks to mirror situations that, prior to
the advent of generative AI, traditionally demanded a deeper un-
derstanding of how different components interact with each other.

The study emulated a realistic junior developer assignment,
where a newcomer joins an existing web application and completes
a first ticket spanning frontend and backend. The task involved
replacing calls to an outsourced user management service with
a self-hosted backend. The codebase was a TypeScript/JavaScript
monorepo with a ReactJS/NextJS frontend, an ExpressJS backend,
and a SQLite database. To simulate typical onboarding, partici-
pants received a detailed README inside the VS Code IDE, serving
as both documentation and task description, providing key entry
points into the codebase (e.g., the routing file, relevant controller,
user model, and frontend actions) while still requiring them to un-
derstand how these parts interact. Framing the work as a migration
allowed us to provide substantial code and documentation, keep-
ing the study feasible within a short session while still exposing
participants to realistic vertical changes requiring architectural
understanding and coordinated edits across layers.

Task 𝑇1: Register Functionality. The first task required im-
plementing user registration across the full stack, enabling users
to register and receive a confirmation message. In the backend,
this required a corresponding extension of the user model and con-
troller logic, as well as a new API route. In the frontend, the user
actions had to be updated to use the new internal client. The task
intentionally spanned multiple modules, requiring navigation of
entry points and data flow while preserving design consistency.
In total, a solution required modifying at least five files (sample
solution can be found in [2]) and affected various components, as
illustrated in the system architecture sketch of task 𝑇1 by one of
our participants in Figure 3.

Task 𝑇2: Login Functionality. The second task, also full-stack,
involved implementing user login. It required adding backend rout-
ing, controller logic, user model extensions, and updating frontend
actions to call the new endpoint through the internal client. This

task mirrored𝑇1 in structure, intentionally designed to enable trans-
fer of understanding from 𝑇1 while differing enough to prevent
simple replication or copy-and-paste solutions. Similar to 𝑇1, this
task required modifying at least five files in various components.

3.4 Piloting
We piloted the study materials with four undergraduate and gradu-
ate students with varying levels of web development experience
(two reported to have barely any experience, one reported some
experience, and one reported high proficiency) to calibrate task com-
plexity and timing within the 2.5-hour limit. Based on feedback,
we retained the cross-file and cross-layer structure of the tasks but
improved feasibility through targeted adjustments. Specifically, we
sketched function signatures for key entry points, added clarifying
comments to indicate nonessential code for Task 𝑇1, and expanded
the README with clearer directions to relevant files. We avoided
further simplification, such as providing near-complete templates,
to preserve the need for architectural/structural comprehension.

3.5 Data Collection
Throughout the study, we collected quantitative and qualitative data.
To analyze developer behavior, we recorded participants’ screens
during the study sessions, their code changes for each task and the
time it took to complete each task, and, for the AI group, saved
time-stamped ChatGPT transcripts from the provided account.

We further collected participants’ responses to a pre-study de-
mographics and programming experience survey, as well as to the
experience and comprehension questionnaires administered after
each task. The experience questionnaire captured participants’ rating
of perceived task difficulty on a five-point Likert scale, cognitive
effort using the single-item Paas Mental Effort Scale, and confi-
dence to continue working in the same codebase on a five-point
Likert scale, complemented by an open-ended item on any major
difficulties participants encountered. The comprehension question-
naire assessed architectural and implementation understanding
through (1) a sketching task and (2) K-Prim multiple-choice ques-
tions focusing on task-relevant components and relationships. First,
participants were asked to sketch the system architecture, capturing
task-relevant components and the relationships between them. Sec-
ond, participants were asked to answer K-Prim stylemultiple-choice
questions targeting concrete implementation details. Each multiple-
choice item presented four statements about the solution, along
with an "I don’t know" option to discourage guessing. Alongside
correct statements, we included seemingly plausible but incorrect
statements to test for actual system comprehension rather than
general-purpose-case guessing. We graded sketches on a 4-point
rubric, 2 points for components and 2 for relationships, with partial
points decreasing as required components or relationships were
missing or incorrect. The same instruments were administered after
both tasks to enable within-subject comparisons of perceived effort
and comprehension between conditions. Full details can be found
at our companion web app (or replication package) online [2].
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3.6 Data Analysis
We followed a thematic analysis approach for the collected data, de-
riving characteristics (subsection 4.1) and, in a second step, higher-
level AI reliance (AIRELI) personas from it (subsection 4.2). We then
used the personas as a lens to look at developer behavior and per-
formance (subsection 5.1), before using the persona characteristics
as a lens and mapping them to the key stages of the code change
process (subsection 5.2).

4 Characteristics and Personas
Determining how much a developer relies on AI during change
tasks is challenging, as reliance cannot easily be measured through
indicators such as AI usage metrics or self-reports. Most of our
participants reported frequent use of AI for code generation, expla-
nation, and error finding. However, high AI usage can coexist with
low reliance when the developer remains in charge of understand-
ing and validation, while conversely, low reported usage can hide
deep dependence in critical moments. This raises the question of
how reliance manifests itself.

In a first step, we therefore created a consolidated case file for
each participant that contained: (i) demographics information, in-
cluding self-reported AI use and familiarity the task-relevant tech-
nologies, (ii) task outcome indicators for 𝑇1 and 𝑇2, (iii) compre-
hension evaluations (including multiple choice and system sketch
responses), (iv) screen recordings summarized as written observa-
tions with a focus on AI use (e.g., point in time of first AI contact,
conversation durations, frequency), (v) code change/diffs, (vi) AI
chat logs for participants in the AI condition, (vii) self-reported
assessments of task difficulty from the experience questionnaires.

Thematic Analysis. To explore AI reliance, we then followed
a reflexive thematic analysis (RTA) [6] approach focusing on how
participants formed understanding and interacted with AI. Specifi-
cally, we triangulated the different data sources in each case file in
our analysis. Two authors conducted iterative, interpretive coding
with a shared analytical focus on three stages of the change pro-
cess: (1) system understanding, (2) plan formulation, and (3) plan
execution. We began with repeated familiarization of the case files,
then performed open coding on an initial subset of participants to
generate candidate codes, such as ‘frustration’ or ‘architecture over-
load’. Through regular analytic meetings and memoing, we refined
code definitions and clarified boundaries with brief inclusion and
exclusion notes. We then applied the refined codes across all cases,
iteratively revisiting earlier cases when code definitions evolved.
We stopped refining when no substantively new codes emerged
and code boundaries stabilized. The case-file construction allowed
us to turn raw artifacts into analyzable signals and ensured that
the evidential basis of each code could be traced back to specific
observations, edits, or questionnaire items.

In two steps, we first derived a set of characteristics based on the
codes (Section 4.1), and then secondly, three personas (Section 4.2)
using these characteristics. An overview of the process is illustrated
in Figure 2. To support replicability, our web companion app and
replication package include the participant case-files, the charac-
teristic definitions, and the participant-to-characteristic mapping,
enabling other researchers to apply the same analytic pipeline to
new datasets [2].

4.1 Characteristics
We organized recurring codes into characteristics and validated
each characteristic against multiple instances across participants.
We required “clear evidence” (e.g., repeated behavioral indicators
in the screen recording, corroborating questionnaire statements, or
consistent patterns in code diffs), and we only assigned a charac-
teristic when the case file provided such evidence.

Overall, we derived nine characteristics (see Table 1) that cap-
ture the most prominent patterns we observed in the raw data.
These characteristics represent a non-exhaustive and non-exclusive
set and can roughly be grouped into three categories based on
their origin and focus: system orientation, AI usage style, and de-
mographics. For example, a ‘Strong Cartographer’ ( SC ) denotes a
participant who drew a high-quality system sketch (e.g., Figure 3,
Comprehension Performance), scoring higher than 3.5 on our grad-
ing scheme. An ‘Instant AI Developer’ ( IAI ), on the other hand,
refers to a participant that immediately used AI to delegate the im-
plementation without first building an understanding, as observed
in the screen-recordings (Observations) and the AI Chat Logs among
other codes.

Multiple characteristics could apply to a single participant. For
example, participant P5 used AI instantly ( IAI ), continued to use AI
with high frequency ( HAI ), reported that it was difficult to connect
frontend and backend ( AO ) and that issue persisted throughout
the task leading to disorientation ( DD ) with many missing links in
their system sketch. We only assigned characteristics when there
was clear evidence to support it. In some cases, the evidence was
ambiguous, partly due to variation in participants’ free-form re-
sponses about experienced difficulties and the availability of AI.
For instance, while some participants explicitly commented on the
presence or absence of AI (based on the AI or No AI conditions)
and its impact on their implementation and comprehension, others
did not.

4.2 AI Reliance (AIRELI) Personas
After deriving characteristics, we conducted affinity mapping of co-
occurring characteristics and identified three higher-level clusters
of participants in relation toAI reliance: self-sufficient, understanding-
gated, and AI-steered developers (see Table 2). Disagreements dur-
ing the affinity mapping process were resolved through discussion
and by returning to the underlying case-file evidence. The three
identified clusters represent personas that can be differentiated
by how participants approached key stages of the code change
process—(1) system understanding, (2) change plan formulation,
and (3) change plan execution—and by the extent to which they
relied on AI during these stages. Self-Sufficient developers are able
to understand the system (1), formulate a plan (2), and execute
it on their own (3); AI, when used, is complementary (e.g., speed
or boilerplate), not a crutch. Understanding-Gated developers are
able to understand (1) and plan (2) without AI, but may rely on
AI to execute (3); some also use AI as a tutor to refine planning,
yet the developer remains in charge of the plan and its verification.
AI-Steered developers are not consistently able to understand (1)
and/or plan (2) without AI and therefore rely on AI to drive execu-
tion (3). In these cases, the AI effectively takes charge of solving the
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Figure 2: Thematic analysis steps: from raw input signals over participant Characteristics to Personas. Refer to Table 1 for
definitions and descriptions of Characteristic abbreviations.

Figure 3: A participant’s system sketch showing task-relevant
components and their relationships for task 𝑇1.

task, and the developer follows the AI’s instructions by inserting
the generated code at the right places in the code.

To operationalize AI reliance, we formulated three guiding ques-
tions: (1) Can the developer form a reasonable understanding of
the task-relevant parts of the system? (2) Can they formulate an
implementation plan without outsourcing the planning to AI? (3)
Can they execute that plan, including implementation and debug-
ging? A developer’s level of reliance is reflected in the extent to
which this three-step process fails or depends on AI support.

These guiding questions also provide the analytical lens for relat-
ing the identified characteristics to the personas. Patterns such as
Strong Cartographer and Expert typically indicate solid understand-
ing, planning, and autonomous execution, often corresponding
to the self-sufficient developer. In contrast, combinations such as

Disoriented Developers,Architecture Overloaded,AIWithdrawal Frus-
tration, or Instant AI Developers point to gaps in understanding or
planning and a tendency toward AI-led execution (3), aligning with
the AI-steered developer.Q&A Style Co Piloters often fall in between:
planning is developer-led, while execution is partially delegated to
AI, reflecting the understanding-gated developer.

5 Understanding AI Reliance through Personas
To address our second research question (RQ2) on the implications
of AI reliance, we examine how well participants of the different
AIRELI personas performed on the tasks overall, and then take a
closer look at how these personas and their characteristics affect
behavior and comprehension across the key stages of code change
tasks.

5.1 Task Performance with Persona Lens
Across conditions, 10 of 21 participants solved the first task, with 4
of 10 in the No AI group and 6 of 11 in the AI group. Only 3 partici-
pants also solved the second transfer task, 1 from the AI group and
2 from the No AI group. Comprehension scores were comparable
between conditions (No AI: 0.62 ± 0.26; AI: 0.59 ± 0.23). Taken to-
gether, initial results on task performance and comprehension did
not reveal major differences between the two conditions. However,
taking a look through the persona lens shows a more nuanced
picture, as elaborated on below and summarized in Figure 4.

AI-steered developers thrive with access to AI, but are completely
lost without it. Across our participants, AI-Steered developers (N=8)
thrived in implementing task 𝑇1, when given access to AI. Four out
of five participants with access to AI finished task𝑇1. They typically
let the model produce an implementation plan and then proceeded
to copy/paste code into the codebase (e.g., P5, P6, P14, P18). As soon
as AI access was revoked or unavailable, none of the AI-Steered
participants were able to finish a task (none finished task 𝑇1 in
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Table 1: Characteristics for AI reliance analysis. The set is
non-exhaustive and non-exclusive, multiple characteristics
may apply to a single participant. It captures the most promi-
nent patterns we observed in the raw data.

ID Characteristic name and description

System Orientation

SC Strong Cartographer
Builds a coherent mental model of the system; navigates purpose-
fully; produces clear architectural sketches and explanations.

DD Disoriented Developer
Frequently loses orientation in the codebase; makes edits in the
wrong place; shows repeated backtracking to regain context.

AO Architecture Overloaded
Reports to be overwhelmed by relationships between compo-
nents; struggles to trace end to end flow or “what calls what.”

AI Usage Style

Q&A Q&A Style Co Piloter
Uses AI as an interactive tutor in small question and answer
cycles; integrates suggestions with verification and adaptation.

HAI High AI Use
Spends substantial time using AI; converses with it at high fre-
quency during tasks; a large share of activity flows through AI
prompts and responses.

AWF AI Withdrawal Frustration
Reports frustration and discouragement when AI is unavailable;
momentum depends on continued access to assistance.

IAI Instant AI Developer
Delegates implementation to AI immediately without first build-
ing understanding; execution is largely copy and paste with
shallow verification.

Demographics

NOV Novice
Gaps in the specific technology stack impede progress despite
reasonable overall plans or intentions.

EXP Expert
Autonomous, fast, accurate; demonstrates deep system under-
standing; uses assistance strategically rather than dependently.

the No AI condition, and none finished transfer task 𝑇2 when no
external help, i.e., no AI, was allowed.

AI-steered developers lack comprehension of their change and the
codebase. Beyond execution, most AI-steered participants did not
form an accurate mental model of the system. They achieved low
comprehension scores (0.36 ± 0.18 on a scale from 0.0 to 1.0), ap-
proximately half of what understanding-gated and self-sufficient
participants achieved. The architecture sketches further illustrate

Table 2: AIRELI Personas, their typical characteristics and
reliance on AI (AI) or human expertise (HE) for the main
code change stages: Understanding, Planning, Execution.

Persona description and typical characteristics U P E

Self-Sufficient
Builds understanding, plans work, and can execute
without AI. Uses assistance, if available, as a speed
up rather than a crutch.

HE HE HE

EXP SC

Understanding-Gated
All work passes through an understanding gate: The
developer verifies plans and code before adoption.
Typically builds a mental map first, then relies on
AI for implementation specifics during execution.

HE HE AI

SC Q&A NOV AO AWF

AI-Steered
The developer is ‘in the passenger seat’ as the AI
is in charge. It dictates the next step and the devel-
oper follows. Verification is deferred or shallow and
understanding remains fragile.

AI AI AI

IAI HAI DD AO AWF NOV

Figure 4: Implementation and comprehension task outcomes
by Persona and AI condition (✓: success; ∼ : partial success;
× : failure).

these differences: seven out of eight AI-steered participants pro-
duced incomplete or incorrectly connected system diagrams. The
majority scored 0 points for correct relationship mapping and only
partial points for correct component identification. For those that
successfully completed the first task, none were able to complete
the second transfer task successfully, where no external AI assis-
tance was allowed. This lack of comprehension and limited ca-
pacity for independent implementation was also reflected in their
self-assessed confidence. When asked how confident they would
feel performing a similar change in the codebase after completing
task 𝑇1, AI-steered participants reported an average confidence of
1.88 ± 0.83 on a five-point scale, the lowest across all participant
groups.

Understanding-gated developers emphasize theoretical comprehen-
sion but struggle with execution. Understanding-gated developers



ICPC ’26, April 12–13, 2026, Rio de Janeiro, Brazil Alakmeh et al.

(N=10) achieved comprehension levels comparable to their self-
sufficient peers. They demonstrated strong architectural and con-
ceptual understanding, with most diagram sketches receiving full
scores and consistently solid answers on comprehension questions,
yielding an average comprehension score of 0.76 ± 0.12. However,
their execution performance lagged behind self-sufficient partic-
ipants: only three completed Task 𝑇1, and one of those required
substantial time (96 min). Almost none completed the transfer task
𝑇2 (participant P1 nearly finished by implementing the login func-
tionality, but ran out of time while configuring access tokens after
a successful login). In general, understanding-gated developers fol-
lowed a map-first approach: they read the code, formed their own
mental model, and used AI primarily as a tutor (Q&A, debugging,
API/stack nudges), reflecting on and evaluating suggestions rather
than pasting them verbatim. This strategy increased overall system
understanding but had two consequences for execution-specific
issues, such as handling of asynchronous responses, or SQLite wrap-
per specifics: (i) with AI, many lost time in iterative debugging and
evaluation loops compared to the immediate copy-paste behavior
of AI-steered developers; and (ii) without AI, several were blocked
by limited execution fluency in the stack despite their strong archi-
tectural grasp.

Self-sufficient developers are champions across all measures. Self-
sufficient developers (N = 3) excelled regardless of conditions (AI
or No AI). All completed Task 𝑇1 with the fastest times (52.0 ± 9.5
minutes) and were the only group to successfully finish the transfer
task 𝑇2. Notably, 𝑇2 was completed quickly (23.7 ± 5.9 minutes),
demonstrating strong architectural understanding and transfer of
knowledge from the preceding change task 𝑇1. Additionally, their
comprehension scores were similarly high (0.73 ± 0.10), and they
reported the highest confidence across all participants (4.67 ± 0.58
for both tasks). This group was the only one that demonstrated con-
sistent implementation success, deep comprehension, and effective
transfer to a new code change.

5.2 Mapping Persona Characteristics to Stages
Breaking the task into three key stages—system understanding,
change plan formulation, and change plan execution—provides
further insights into how AI reliance, as embodied by the three
personas and their characteristics, shapes developer behavior and
performance. Figure 5 presents a conceptual overview of these
observations through the lens of persona characteristics across the
main stages.

System understanding. Understanding the system emerged as a
foundational step that set the tone for the entire task session. Prior
expertise with the programming language and technology stack
influenced how fast participants formed an initial mental model be-
fore engaging with codebase specifics. Experts ( EXP ) progressed
quickly through language semantics and common idioms, whereas
unfamiliar novices ( NOV ) frequently turned to the AI assistant
to make sense of what they were seeing before delving into the
details. In the AI condition, we often saw Immediate AI Invocation
( IAI ) by novices, where participants’ attention shifted to the as-
sistant before they examined the repository. In our data, IAI was
an early and strong indicator of AI over-reliance associated with

the AI-steered persona. We also observed Architecture Overwhelm
( AO ) during codebase exploration. While AO by itself was not
conclusive, since some understanding-gated participants also exhib-
ited it, its persistence throughout the session tended to reinforce
AI reliance, often carrying forward disorientation ( DD ) into the
change plan formulation stage.

Change plan formulation. Since the task required code changes,
participants typically formulated a plan after developing an initial
understanding of the codebase. When participants demonstrated
strong architectural comprehension ( SC ), they generally transi-
tioned into execution with deliberate and purposeful code changes,
for instance, connecting key components or implementing core
functions. In contrast, when architectural understanding was lim-
ited ( DD ), participants often deferred planning to the AI, or, if
the AI was unavailable, voiced AI Withdrawal Frustration ( AWF ).
Several understanding-gated participants interacted with the AI in a
Question–Answer ( Q&A ) style to refine or validate their own plans
rather than to offload the planning process entirely. In our analysis,
this characteristic is considered reliance-neutral, as it reflects an
internal evaluative dialogue aimed at improving or confirming a
plan, engaging the AI as a collaborator to critique a proposal rather
than blindly following its output.

Change plan execution. During the execution stage, we observed
high AI use ( HAI ), particularly through direct copy-pasting of
suggested solutions. In the No AI condition, participants again
displayed frustration ( AWF ) during debugging when they encoun-
tered errors they could not resolve on their own, often reporting
a longing for AI in the qualitative experience questionnaire. No-
tably, intensive Q&A -style debugging among some understanding-
gated participants rarely converged on a working solution. While
understanding-gated participants demonstrated relatively expertise-
centric behavior in the first two stages, execution revealed a stronger
pull toward AI reliance, manifesting as HAI in the AI condition
and as AWF in the No AI condition. Only the self-sufficient partici-
pants remained expertise-centric during execution, and all of them
successfully completed the task.

Considering additional stages. We focused on the most relevant
stages of the code change process, as informed by our observations
and collected data, while acknowledging that the programming task
process map in Figure 5 represents a simplified model that could be
further extended. For instance, task understanding could have been
considered as an initial stage. However, we deemed it less relevant
in this context because the tasks were intentionally designed to be
familiar and unambiguous. Most developers have encountered login
and registration workflows, and many participants had recently
implemented similar functionality in their software engineering
course. Self-reports confirmed generally high task clarity (𝑀 = 3.62,
𝑆𝐷 = 1.02, 𝑛 = 21). Notably, the lowest ratings (“Slightly,” value 2)
exclusively stem from participants who exhibited the IAI charac-
teristic, suggesting that they may have outsourced even the initial
task understanding by immediately pasting the instructions to the
AI assistant. Beyond these considerations, code change verification
and testing could also be conceptualized as separate stages. How-
ever, given our study setup and time constraints, we did not expect
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Figure 5: Conceptual integration of personas and characteristics across themain stages of a programming task. Human Expertise
(top) and AI (bottom) represent two opposing gravitational forces on the spectrum of AI reliance. Each characteristic can be
mapped to one stage or sub-stage, with color and arrow direction indicating its relative contribution towards self-sufficient
human expertise or AI reliance. Persona behavior is represented by colored lanes that illustrate the degree of gravitation
towards either force across the task stages.

participants to engage in explicit verification, and testing in itself
could reasonably be regarded as an additional task.

Persona characteristics, stages, and outsourcing. Examining de-
veloper behavior through the lens of persona characteristics and
decomposing the change task into three stages enables a more
nuanced understanding of AI reliance and the outsourcing
of comprehension and capability to the AI. We define outsourc-
ing as a shift of the cognitive work required for a given stage or
step of the change task from the human developer to the AI assis-
tant, for instance, when a developer is asking the AI for steps to
complete a task rather than devising a plan themselves. Our obser-
vations suggest that characteristics such as Intermediate AI ( IAI )
and Architecture Overwhelm ( AO ) during the system understand-
ing stage can foreshadow patterns of AI reliance, whereas Strong
Cartographer ( SC ) supports self-sufficiency in later stages. At the
same time, dialog-style AI use that preserves human evaluation and
adaptation, such as seen for the Q&A ( Q&A ) characteristic that
involves asking, evaluating, and adapting, does not constitute out-
sourcing. In these cases, the AI assistant acts as a sounding board
that supplements the developer’s own planning and debugging,
with the human remaining the primary author of decisions and the
change plan.

6 Discussion
Our results provide evidence that viewing developer behavior through
the lens of AIRELI personas and the associated characteristics
yields a more nuanced understanding of how developers rely on AI
across the understanding, planning, and execution stages of change
tasks. This perspective reveals patterns of cognitive outsourcing
and human-AI collaboration across stages that shape developers’
comprehension and their capabilities, patterns that stay hidden
when comparing AI and No AI conditions alone. In the following
we discuss the necessity of the lenses for program comprehension
experiments and more broadly the potential impact of AI reliance
for junior developers.

6.1 Necessity for AI Reliance Considerations in
Program Comprehension Experiments

Without an explicit lens on AI reliance, results from code compre-
hension experiments become noisy and might lead to misleading
interpretations of results. We experienced this challenge firsthand
in our data collection study, where roughly half of the participants

completed the first task both in the AI and No AI conditions, and
performed similarly on the comprehension questionnaires. Taken
at face value, such outcomes might suggest that AI usage has barely
any effect on task completion or code comprehension. Even account-
ing for self-reported general AI usage and reliance in a demograph-
ics question did not change this picture. However, when analyzed
through a more comprehensive AI reliance lens, the data revealed
more diverse and distinct patterns of capability and understanding
that were otherwise obscured.

When comprehension is outsourced, there is little human compre-
hension left to examine. Modern AI assistants can propose plans,
generate code, and steer debugging. If participants delegate these
steps, the construct that a comprehension study aims to measure
is partially or fully outsourced to the assistant. Task completion
then reflects successful delegation and AI model accuracy rather
than human understanding. The usual proxies for comprehension,
such as success, time, or error counts, become unreliable. Experi-
ments must therefore distinguish pathways that preserve human
authorship of understanding from pathways that substitute it. In
our paper, we examine this distinction through characteristics and
personas to indicate and separate AI reliance types based on their
ability to understand, plan, and execute.

Traditional control conditions become fragile once AI is integral
to programming. A common approach to studying the effects of
AI on programming ability and comprehension is to compare an
AI-assisted ‘treatment’ group with a No AI baseline. However, when
AI assistance has already become an integral part of everyday de-
velopment, removing it introduces unexpected challenges. In our
study, many participants, most of whom were students with access
to AI and reported high AI usage, already internalized AI assistance
into their workflows and are unable to proceed without it. For some
participants, AI reliance occurred as early as during system under-
standing or change plan formulation, but for most, at the latest
when relying on it during execution. Future studies could, in princi-
ple, treat the removal of AI as the experimental condition. However,
this approach would still require a baseline group of participants
who do not rely on AI for comparison, for instance, to confirm that
non-reliant developers would even be able to complete the task
independently and to clearly isolate AI effects. One possible base-
line could involve recruiting more senior developers who did not
have access to AI during their education and have since chosen to
work without it, or at least without being reliant on it. While such
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study designs may be limited to narrow participant populations
or create somewhat artificial experimental contexts, conducting
them soon may be worthwhile, as the pool of such non-reliant
baseline developers is likely to shrink over time if AI use continues
to expand.

Reliance aware experiment designs and reporting. To make com-
prehension experiments suitable for an AI-assisted development
context, we recommend analysis approaches that foreground AI
reliance rather than averaging it away. Future work should explore
reliance-aware methods for measuring human program compre-
hension that do not conflate it with AI substitution. Based on our
observations, promising starting points include asking participants
to sketch task-relevant system architectures, analyzing code author-
ship through chat logs, and potentially using small transfer-task
probes. Since we might be able to operationalize most of our char-
acteristics, another direction for future work is to automatically
infer a participant’s AI reliance persona from these computed char-
acteristics.

6.2 Implications of AI Reliance: The Junior
Developer AI Fallacy

In this study, we observed thatmany developers outsourced substan-
tial portions of their work to AI assistants, effectively substituting
human expertise with the output of AI models. A surprising ob-
servation was that many AI-steered developers still succeeded in
completing the first task quickly without comprehending most of
the codebase or even their own changes. This observation raises
central questions: if tasks get done, why should we care about com-
prehension? Is it acceptable to rely on AI, and how much reliance is
appropriate? Looking at comprehension as a core part of learning
[1, 10] and as a central, time-consuming activity in professional soft-
ware work [7, 42, 49], it becomes clear why the degree of reliance
on AI could matter for future generations of developers. When com-
prehension is outsourced, learning can plateau, and transferable
expertise may not develop. Classic human–automation research
further warns that overreliance can lead to out-of-the-loop effects
and degraded intervention skills [17, 35, 47]. We emphasize that the
following are potential implications stemming from our persona-
based observations, not confirmed long-term effects. Longitudinal
studies are needed to confirm or reject the fallacy hypothesis. How-
ever, raising this as a potential concern now is timely so that we
can begin to anticipate and mitigate unwanted effects rather than
waiting until it is too late.

We tentatively refer to this risk as the Junior Developer AI Fallacy:
the assumption that early productivity gains from strong assistant
usage among newcomers imply sustained advantage and reduced
need for junior talent. AI-steered juniors can appear ahead because
they delegate planning and execution of easy, entry-level tasks to
the AI, moving from prompt to successful implementation in quick
turnaround times. As task complexity rises with seniority, this ad-
vantage can quickly erode relative to initially understanding-gated
peers. Early gains give way to stagnation bounded by the model’s
capabilities and can even turn into productivity decline as task
complexity grows while capabilities stay the same. The underlying
mechanism is comprehension debt: outsourcing understanding
and plan formulation can build up a deficit that seems harmless on

simple work but could become costly as complexity grows. Two
forces drive this shift: (i) AI suggestion quality often deteriorates as
task complexity and project maturity increase [34], and (ii) reliance
patterns potentially limit learning, such that when plan authorship
and debugging are outsourced, knowledge transfer to new tasks is
limited and each new challenge starts from scratch.

Implications for juniors: going through the understanding-gate
towards a path for long-term success. For newcomers, the dilemma
is clear: ignoring assistance reduces short-term efficiency, yet over-
reliance prevents long-term growth and benefits. A reliance aware
path keeps authorship of understanding while using the assistant
only through an understanding gate: practical anchors could in-
clude (i) creating a habit of building a map like understanding of
task relevant parts of the system first, (ii) formulating a change
plan draft before consulting AI, or when initially drafting with
AI, keeping the understanding gate alive by critically evaluating
and justifying each step, and (iii) delayed delegation where code
is generated only for well bounded substeps after the plan exists
and with explicit verification criteria. These anchors align with our
personas: self-sufficient and understanding-gated developers grow;
AI-steered developers plateau unless the workflow is reoriented
toward authorship.

Implications for managers and teams. The fallacy also tempts
managers to conclude that fewer juniors are needed because assis-
tants can produce the bulk of routine code and solve entry-level
tasks. Even if this holds for near-term work, it undermines the
pathway that develops future senior developers who can handle
the complex, ambiguous work where assistants are least effective
[34]. Teams can mitigate by making reliance visible and coachable.
Useful practices could include (i) capturing code origin through
AI chat logs, paste events, and diffs to see authorship, (ii) using
AI reliance personas during onboarding and growth conversations
to target coaching, (iii) structuring reviews that require develop-
ers to explain their change plan and show how suggestions were
verified. The goal is not to ban AI assistance but to ensure that
juniors progress from AI-steered toward understanding-gated and
ultimately self-sufficient developers.

7 Threats to Validity
External validity. Our participantswere primarily students, which

limits generalizability to professional engineerswith deeper, domain-
specific experience or established team practices. The tasks (imple-
menting registration and login) in a TypeScript monorepo are real-
istic but still specific; reliance patterns may differ for other stacks
or legacy codebases. We studied a chat-based assistant with in-
line code-completion disabled and allowed ordinary web resources;
other ways to interact with AI assistance (IDE-integrated copilots,
retrieval-augmented chat, organization-specific tooling and tests)
might shift how reliance manifests. Finally, our single-session lab
setting emphasizes near-term execution and a single transfer step;
it does not capture how long-term learning is affected, how accumu-
lation/repayment of “comprehension debt” could unfold, requiring
further exploration by future work.
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Internal validity. This observational study aims to surface emerg-
ing AI-reliance patterns rather than make causal claims. We lim-
ited confounds via standardized onboarding (identical briefing and
setup help), identical materials (same monorepo and task accep-
tance checks), a controlled environment (participants used their
own machines which is ecologically realistic but heterogeneous;
code-completion disabled; AI access restricted to a provided Chat-
GPT account to capture comparable logs), and consistent instru-
mentation (screen recordings, time-stamped transcripts, uniform
questionnaires). Given these limitations, we report descriptive pat-
terns; our analyses indicate that prior expertise is a major factor in
AI reliance, so future confirmatory work should explicitly account
for it and examine whether different modes of AI assistance shape
users’ reliance profiles.

Construct validity. Code comprehension metrics such as task
success or time-to-completion may reflect AI assistant effectiveness
rather than human understanding. We mitigated this by pairing
an AI-assisted task with a follow-up unaided transfer task, and by
triangulating reliance with a comprehension questionnaire (rubric-
scored sketch of the task-relevant architecture, and K-Prim multiple
choice questions). Still, in a no AI condition, weak performance
can be ambiguous because it can signal limited skill or habitual
overreliance revealed only when assistance is removed; when AI is
available, strong performance may reflect the assistant substituting
for missing expertise. While in most cases reliance can clearly be
determined, in these more difficult cases we triangulate reliance
by using multiple signals, including self reports such as “I can’t
do anything without AI” or “I don’t know where to start without
AI”, general AI usage reports, and behavioral traces in logs and
recordings.

8 Conclusion
We conducted a controlled study with 21 participants using a real-
istic junior developer task setting to examine developer behaviors
and reliance on AI across system understanding, plan formula-
tion, and execution. Based on an analysis of the quantitative and
qualitative data collected, we derived three AI reliance personas
and nine associated characteristics. Using this persona-based lens
revealed that aggregate comparisons between AI and No AI condi-
tions masked key behavioral and outcome differences in program
comprehension and the ability to complete tasks that emerged only
after grouping participants by AI reliance personas. Self-sufficient
developers relied on their own expertise across all three stages:
building a sound mental model, devising a plan, and implementing
it. Understanding-gated developers remain in charge of system un-
derstanding and formulating a change plan but frequently rely on
AI during execution and debugging, achieving solid comprehension
while execution remains their main point of AI reliance. AI-steered
developers outsourced most aspects of the task to the AI assistant,
including system understanding, plan formulation, and implemen-
tation, which can still yield successful task completion but leads
to shallow comprehension. We contribute a compact taxonomy of
three personas that separates human-authored understanding and
capability from assistant substitution, offer reliance-aware design
recommendations, and call for confirmatory studies to generalize
and refine these findings across diverse tasks and populations.
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