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Abstract—Code summarization supports program comprehension and defect detection, and developers increasingly use both
human-centered and Al-based interventions when performing this task. We present a controlled human-subjects study (N = 47)
examining the effects of physical exercise and Al-generated code summaries with varying correctness on developers’
summarization and bug detection performance. Participants summarized GitHub code under different intervention conditions, with
outcomes evaluated along multiple dimensions, including accuracy, completeness, conciseness, readability, defect detection, and
response time. We analyzed the data using mixed-effects models to account for repeated measures across participants and code
artifacts. Surprisingly, under the exercise intervention studied, we did not observe consistent benefits for summarization quality. Al
assistance is generally useful for code summarization, but incorrect Al assistance substantially degrades bug detection performance.
These findings provide empirical evidence on the nuanced benefits and risks of human- and tool-based interventions in code

summarization and bug detection.
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1 INTRODUCTION

Code summarization is the task of writing natural-language
descriptions of source code to convey its purpose and
behavior, and it has been studied as a way to help devel-
opers rapidly understand and maintain software systems
[1], [2]. Developers routinely seek to understand what a
piece of code does, how it does it, and why it behaves
in a particular way [3]. As software systems grow in size
and complexity, producing accurate and useful summaries
becomes increasingly important to help developers navigate
and comprehend large codebases [1], [4].

At the same time, there has been a growing interest
in interventions that improve developer performance on
software engineering tasks in general [5], [6] and on com-
prehension and summarization activities in particular [1],
[2]. We consider two broad categories of interventions: those
that make human cognition better (such as training or
better environments [7]-[11]) and those that provide tool
or algorithmic help, offloading some aspects of cognition to
external support (such as Al tools [12]-[19]).

One exciting and less-explored intervention is physical
exercise. Research in cognitive science has found that light
physical exercise can affect attention and executive function-
ing in general reasoning tasks (see meta-analyses [20], [21])
and, excitingly, in engineering activities [22], [23]. Whether
such effects extend to software engineering activities, such
as code summarization, remains an open question.

In parallel, advances in large language models (LLMs)
are garnering significant attention and have enabled auto-
matic generation of prose code summaries [12]-[19]. While
such tools may assist developers when correct, they remain
prone to errors and hallucinations [24] and can introduce
anchoring and overreliance effects [25], [26].

We conducted a controlled study in which participants
summarized GitHub code under different combinations of

light physical exercise and exposure to Al-generated sum-
maries of varying correctness. Participants collectively pro-
duced 260 summaries, which we evaluated across multiple
dimensions (including accuracy, completeness, conciseness,
readability, usefulness for bug detection, and time required).
We analyzed the results quantitatively, accounting for re-
peated observations within participants and across code
artifacts [27]-[29]. We also analyzed the resulting summaries
qualitatively, identifying patterns associated with each inter-
vention.

Our work is guided by the following research questions:

RQ1. How does exercise influence code summarization per-
formance and the correct identification of buggy code?
How does Al assistance influence code summariza-
tion performance and the correct identification of
buggy code?

How does the correctness of Al-generated summaries
affect human summarization and bug detection per-
formance?

RQ2.

RQ3.

These research questions relate directly to our desire to
understand the relationship between exercise, Al and code
summarization outcomes. In addition, we also collect data
on, and analyze, a number of important related factors,
including whether or not the Al answer was correct [24]
and how complex the code was using standard metrics. We
make the following contributions:

o The first human study (IV = 47) to investigate exercise
and code summarization as well as exercise and static Al
support.

« A formal model relating code summarization outcomes to
Al and exercise interventions.

« Statistically significant, actionable relationships. Our re-
sults do not uphold the reported engineering benefits of
exercise transferring to software engineering. We do find
bug detection to be much more vulnerable to incorrect Al



than is general code summarization.

2 RELATED WORK

In this section, we discuss how our work relates to research
on code summarization, Al usage, and exercise.

Exercise Breaks. Physical exercise has been used as an
effective intervention in pedagogy across multiple fields
and in data processing tasks. Koulanova ef al. incorporated
ten minute exercise breaks (cardio and stretching) into in-
troductory computer science lectures and found that the
breaks increased enjoyment and life satisfaction, with cer-
tain groups earning higher final course grades [22]. Balci et
al. used exercise breaks between 30 seconds and 10 minutes
and found improvements in performance for data entry and
cognitive arithmetic tasks [30].

Fenesi et al. found that cardio exercise breaks (e.g., jump-
ing jacks, high knees) increased test performance for both
immediate and delayed assessments in introductory psy-
chology lectures [31]. We use the cardio exercises of Fenesi
et al. and similarly evaluate performance immediately after
exercise (see Section 3.2.1).

Micro-Breaks. Nastasi et al. found that five minute breaks
improve performance in completing simulated check-
processing tasks [32]. Bennett et al. found that ten minute
micro-breaks reduced fatigue in attention-related and sim-
ulated work tasks [33]. Liu et al. used three minute breaks
(short-form videos, music), which increased willingness and
reduced physiological stress measures for English proof-
reading tasks [34]. We build on this prior work by ana-
lyzing the effect of similar-length exercise breaks on code
summarization performance in software engineering (see
Section 3.2.1).

Mindfulness Breaks. Other work has found varied effects
of meditation and mindfulness breaks on performance [35].
Volobuev et al. used electroencephalography (EEG) to ex-
amine how meditation influenced neural activity during
programming interview tasks, finding that it reduced neu-
ral engagement [36]. Although the mechanisms differ, this
reduced engagement is broadly reminiscent of the slower
response time and lower quality found in our experiments
in exercise (see Section 6.1).

Montes et al. found that weekly 90-minute breathing
exercises improved well-being and perceived productiv-
ity among IT workers [23]. Berndrdez et al. investigated
ten-minute mindfulness sessions in requirements elicita-
tion tasks involving conceptual modeling and observed
improvements in efficiency [5]. In contrast, we chose to
investigate active exercise breaks.

Code Summarization — Call Graphs. Prior work used eye
tracking to investigate programmer attention on call graphs
during code summarization. For example, McLoughlin et
al. investigated how programmer visual attention relates
to underlying function call graphs when summarizing
code [37]. We follow the same qualitative analysis procedure
to score participant summaries in our study (see Section 4.2).
McLoughlin et al. found that when participants look at more
methods associated with the call graph, they produce lower-
quality summaries and report reduced self-confidence.
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Code Summarization — Signatures. Researchers have in-
vestigated attention to method signatures during code sum-
marization. Rodeghero et al. used eye tracking to investigate
how much developers focused on signatures, control flow,
and invocations when summarizing code [38]. Abid et al.
similarly used eye tracking to compare novices and pro-
fessionals, finding that novices relied heavily on signatures
while experts returned to the method body more often [39].
In this paper we focus on behavioral metrics (see Section 4)
as opposed to cognitive metrics (e.g., eye-tracking).

Code Summarization — ASTs. Researchers have also exam-
ined how developers attend to abstract syntax trees during
code summarization. Karas et al. performed an eye tracking
study to investigate programmer attention on the abstract
syntax tree when reading or writing code summaries [40].
While we evaluate participant summaries according to the
same scoring criteria in this study (e.g., accuracy, readability,
see Section 4.2), we alternatively investigate the summariza-
tion of defect-seeded source code to approximate developer
workflows on real software with bugs. In addition, we focus
on larger Java methods for additional ecological validity.

Code Summarization — Reading Summaries. Other work
has focused on the task of reading already-existing sum-
maries. Stapleton et al. conducted a human study in which
participants were given summaries of Java source code
and answered code comprehension questions or completed
coding tasks [2]. Their study found that subjects performed
better when given human-written summaries than machine-
generated summaries, whereas we instead investigate Al-
written summaries used to assistant. We note that the
machine-generated summaries in Stapleton et al.’s work
from 2020 may have predated modern generative Al tools.

Al for Code Summarization. Prior work has used large
language models to write code summaries [12]-[19]. Ahmed
et al. found that adding semantic facts to the code when
prompting LLMs resulted in better code summaries ac-
cording to common metrics such as BLEU [41]. Others
have used LLMs to evaluate the quality of generated code
summaries [42], [43]. Wang et al. found that LLMs can
achieve near-human evaluation on the quality of code sum-
maries [44]. Virk et al. developed approaches to predict
whether summaries produced by LLMs will be of compa-
rable quality to human summaries [45].

Prior work has also used LLMs to summarize a wide
range of software artifacts. For example, LLMs have been
applied to code changes [46], code comments [47], bug
reports [48], and code fixes based on crash traces [49]. In our
study, we instead provide participants with Al-generated
summaries to examine how Al can support humans during
code summarization. We evaluate participant summaries
using human judgments rather than NLP-based similarity
metrics, which allows for a more grounded assessment of
summarization performance (see Section 4.2).

Al for Fault Localization. While significant prior research
has used LLMs to find bugs [50]-[52], our study uses hu-
mans supported by Al information to perform fault localiza-
tion. For example, Liu et al. used LLMs on programs written
by novices and found that ChatGPT-4 outperformed tradi-
tional testing methods, with prompt engineering improving
the LLMs’ performance [53].



Widyasari et al. found that fault localization explanations
generated by LLMs were rated as similarly clear and in-
formative as human-written explanations [54]. Their study
emphasized perceived quality rather than whether the ex-
planations were factually correct. In contrast, we examine
bug detection and specifically evaluate how the correctness
of Al-assisted bug descriptions influences performance.

Trust in AL Prior research has found that developer trust in
Al depends on model-specific attributes including accuracy,
robustness, and interpretability, as well as factors such as
transparency and usability [55]. Others have found that
novice developers use LLMs for a wide range of SE activities
and generally perceive that Al improves productivity. Many
novice developers do not blindly trust LLMs, either holding
neutral views or opting not to use AI. However, they may
have difficulty interpreting LLM suggestions due to lack
of background or may not know when they are helpful to
use [56]. In contrast, rather than directly asking participants
about their trust in Al, we report indirect measures (see
Section 6.1 and 6.2).

3 EXPERIMENTAL METHODOLOGY

We implement a controlled, IRB-approved (UMich IRB
SBS HUMO00276189) human study (/N = 47) to investigate
how exercise breaks and Al assistance affect programmers’
code summarization and defect detection performance. This
section outlines the task completed by participants (Sec-
tion 3.1), experimental design and conditions (Section 3.2),
stimulus construction (Section 3.3), and recruitment process
(Section 3.4).

3.1 Code Summarization Task

Participants completed a code summarization task designed
to balance ecological validity with measurable performance
outcomes. Specifically, participants wrote natural language
summaries of target methods drawn from large, unfamiliar
code bases, reflecting common comprehension scenarios in
software development [2], [3]. Because code summariza-
tion frequently co-occurs with maintenance and debugging
activities [2], participants indicated whether each method
contained a bug and where if so (Section 3.3.1).

Summaries were evaluated along four dimensions: accu-
racy, completeness, conciseness, and readability, using pre-
defined criteria provided to participants at task onset [37],
[40]. These dimensions are among the most common qual-
ity attributes used for code comment quality assessment
(see [57] for a comprehensive review). Each task was de-
signed to take ten minutes or less, with participants com-
pleting tasks in 8.4 minutes on average.

3.2 Experimental Design and Controlled Interventions

We designed a 90-minute human study in which partici-
pants completed six code summarization tasks (Section 3.1)
under controlled interventions (Section 3.2.1 and 3.2.2).
We manipulated two factors: exercise breaks (exercise vs.
no exercise before the task) and Al assistance (assistance
vs. no assistance during the task), yielding four condi-
tions: exercise/Al, exercise/no-Al, no-exercise/Al, and no-
exercise/no-Al.

Participants
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Fig. 1: Experimental design. We had four conditions:
exercise/Al, exercise/no-Al, no-exercise/Al, and no-
exercise/no-Al. Each participant completed two task blocks
(first and second half), with a different condition in each. n
is the number of participants per ordered pair of conditions.

Each participant completed two task blocks, one in
the first half of the session and one in the second half,
and was assigned a different condition in each block (n =
12,12,10, 13 respectively, see Figure 1). For example, a par-
ticipant might complete the first half under exercise /no-Al
and the second half under no-exercise/Al The assignment
of condition order was counterbalanced across participants
to enable both between-subject and within-subject compar-
isons. This design allowed us to examine both the main
effects of exercise and Al assistance, as well as their possible
interaction. In this section, we elaborate on the interventions
and our rationale.

3.2.1 Exercise Breaks

To investigate how physical exercise influences code sum-
marization performance, we selected an exercise interven-
tion previously shown to affect performance in an academic
but non-computing setting. To the best of our knowledge,
no prior work directly investigates the impact of exercise
on software comprehension (cf. [22], [36]); we thus selected
a five-minute exercise activity found by Fenesi et al. to
improve lecture comprehension test performance with a
medium effect size [31]. We investigate whether such bene-
fits extend to the software task of code summarization.

In the half of the session assigned to the exercise con-
dition, participants completed a five-minute exercise break
immediately before each code summarization task (Sec-
tion 3.1). Following Fenesi et al., the exercise break con-
sisted of five calisthenic exercises (jumping jacks, heel taps,
high knees, split jumps, and hamstring kickers) [31], each
performed for 50 seconds with 10 seconds of rest, for a
total of five minutes per task (15 minutes per session).
Participants followed a guided video and were allowed
to use lower-intensity modifications as needed. After each
task within this condition, participants were asked to report
their perceptions of the helpfulness of, and exertion required
by, the exercise. Our design controls the exercise treatment
within our study and investigates an activity that could be
used in practice in many workplaces (cf. recommendations
for walking or calisthenic breaks at work [58], [59]).

3.2.2 Al Assistance

To investigate the effect of AI assistance on code-
summarization performance, we implemented a controlled
form of Al support. In one treatment condition, participants
were shown a static Al-generated summary of the target



1. Write a code summary for the method createRequest(). Click here to view the e ERSE SN LSS KL S G g R TR e B 414 ChatCompletionRequest createRequest(Prompt prompt, boolean stream) {

source code.
1ne summary will be assessed according to the following quality attributes:
« Summary accuracy
+ Whether the summary is missing information
« Whether the summary contains unnecessary information
+ Summary readability
Please write your summary in the box below:

(1) Summary of createRequest Method:

included.

(2) Bug Identification:
yes

Incorrect variable usage

2. Identify whether any method in the code shown contains a bug.
Here, a bug is a disconnect between what the developer intended for the method
to do and what it actually does. If we were to execute code that contains a bug,
the system would do something it's not meant to do.

O Yes

QO no merged options before it is used in the method.

The createRequest method constructs a ChatCompletionRequest from
the given Prompt. It processes the prompt's messages and converts them
into a list of ChatCompletionMessage objects. Depending on the message
type, it handles user, system, assistant, and tool messages differently,
including media content conversion and tool call handling. The method also
merges runtime options with default options to ensure the request parameters
are accurately configured for the chat API call. Support for streaming and
various configurations like model, temperature, and token settings are

The createRequest method references requestOptions without
initializing it before using it to resolve tool definitions and set request 3
parameters. The variable requestOptions should be initialized with return ne

List<ChatCompletionMessage> chatCompletionMessages = prompt () .nap(message —> {

if (message.ge MessageType. SYSTEM) {
Object conten
if (message instanceof UserMessage userMessage) {
if (1CollectionUtils.isEmpty(userMessage. getiedia())) {
content = convertMediaContent (userMessage) ;
+
return List.of (new ChatConpletionMessage(content,
ChatCompletionMessage.Role. value0f (message. getMessageType() .nane())));

se if (message.ge ype() == MessageType TANT) {

var assistantMessat ssistantMessage) messa

List<ToolCall> toolCalls = null;

f (1CollectionUtils.isEmpty(assistantMessag s0)) {

toolCalls = assistantMessage. getTool rean() .nap(toolCall -> {

var function = new ChatCompletionFunction(toolCall.name(), toolCall.arguments());

ToolCall(toolCall.id(), toolCall.type(), function);
}.toList();

Fig. 2: Example stimuli. Participants used the remote survey interface, Al responses, and (partial) Java source code.

method they were asked to summarize (see Section 3.1). An
example is shown in Figure 2. Pre-generated (rather than
interactive) Al responses were used to ensure that all par-
ticipants received identical input, since slight variations in
“prompt engineering” can produce significant variation in
Al output quality [53], [60]. The summary content was pre-
sented exactly as produced by the ChatGPT-40 model [61],
and participants were permitted to consult the summaries
freely during the task. After each task within this condition,
participants were asked how helpful they perceived the Al
summary to be.

We experimentally varied the correctness of the Al
summaries. In this study, correctness refers specifically to
whether an Al-produced summary makes a truthful claim
about the presence or absence of a defect in the correspond-
ing code stimulus (see Section 3.3.1). Participants were in-
formed that the Al summaries might be incorrect but were
not told how often or in what manner. In our experiment,
Al summary correctness was balanced to support analysis
of our research questions. We believe this controlled Al-
summary treatment approach reflects common behavior in
current LLM-based tools used by developers, which can
produce both correct and incorrect explanations (e.g., hal-
lucinations) [62]. We detail Al summary generation and
control in Section 3.3.2.

3.3 Stimuli Selection and Construction

We used two types of stimuli: Java source code methods
(with or without a seeded defect) and static Al-generated
summaries (varying in correctness). Below, we describe how
each stimulus type was motivated and constructed. All stim-
uli are available in the replication package (see Section 5).

3.3.1 Source Code Stimuli

In this section, we describe our approach for selecting code
stimuli and seeding defects.

Open-Source Java Methods. To obtain stimuli that bet-
ter reflected real-world development work while still fit-
ting within our human study time constraints, we used
code from high-quality, high-activity open-source GitHub
projects. Some open-source projects provide examples of
software used and maintained by practicing developers [63].

We selected the two highest-starred Java projects created
within the last year (at the time of stimulus creation) on
GitHub: spring-ai-alibaba (a framework for building
Al agent applications, 171,242 LOC) and fast-excel (a
library for reading and writing Excel spreadsheets, 555,994

LOC). Within these projects, we identified Java modules
that contained at least one method that was 40 lines of
code or longer. This length cutoff was chosen in alignment
with prior work in code comprehension [64]. For additional
ecological validity, stimuli were presented to participants
using the existing GitHub web interface. However, to min-
imize participant bias associated with context information,
we cloned the relevant modules to private repositories and
removed comments containing GitHub links that could di-
rect participants to the full repository or other code. We also
removed Qauthor tags, which could reveal the originating
project or admit other biases (e.g., gender bias in GitHub
pull requests [65] or code review [66]).

We ultimately identified 17 code modules that matched
our length requirements within the top two Java projects to
serve as our stimulus pool (see Table 1). A partial example
is in Figure 2 (full stimuli are available in the replication
package). Each participant completed six of them. This
larger pool increased stimulus diversity and reduced the
risk that our findings would depend on the specifics of any
single code example.

Defect Seeding. To more closely approximate real devel-
oper workflows, we considered two versions of each code
stimulus: (1) the original version, and (2) a version contain-
ing a seeded defect. In our design, seeded defects are not a
top-level experimental treatment condition (cf. exercise, Al)
but instead allow our analyses to account for an additional
notion of code quality.

To create buggy versions in a controlled manner, we
adopted the defect-seeding procedure of Fry et al. [67],
which has been used and validated in prior Java fault
localization research. For each Java module, we randomly
selected one of the 18 defect types defined by Fry et al., such
as using an incorrect variable or omitting a required state-
ment. We then identified all valid locations in the method
where that defect could be introduced and randomly in-
serted the defect at one of those locations, reusing existing
code when possible. We indicate the type of defect seeded
in each code stimulus on Table 1. This approach produced
single-seeded-defect variations across stimuli while keeping
the tasks feasible for participants to summarize within the
study’s time constraints.

1. We note that the stimuli, which come from projects under active
development, may contain unknown or latent defects. We intentionally
compare quality between “existing code with a seeded defect” (lower)
and “existing code” (average) — not “perfect code” (high).



Method name LOC | File name LOC Seeded defect type
fast-excel
buildUserModel 42 | ModelBuildEventListener 150 WrongVariable
afterWorkbookDispose 45 | DimensionWorkbookWriteHandler 66 WrongMethod
createCellStyle 45 | WriteWorkbookHolder 243 WrongConditional
chooseExcelExecutor 46 | ExcelAnalyserImpl 205 WrongMethod
fillComment 46 | AbstractExcelWriteExecutor 295 ExtraAssignment
headCellRangeList 48 | ExcelWriteHeadProperty 123 Uninitialized Variable
buildChain 55 | AbstractWriteHolder 408 ExtraStatement
finish 63 | ExcelAnalyserImpl 205 OrToAnd
doFill 96 | ExcelWriteFillExecutor 532 OrToAnd
spring-ai-alibaba
after 46 | DashScopeDocumentRetrieval Advisor 157 ExtraAssignment
executeToolCall 49 | ObservableToolCallingManager 233 VarShouldHaveBeenMethod
createRequest 50 | DashScopeChatModel 454 Uninitialized Variable
apply 61 | McpNode 171 ExtraConditional
put 62 | MongoSaver 207 MissingStatement
upsertPipeline 62 | DashScopeApi 960 Uninitialized Variable
generate 66 | DiagramGenerator 147 WrongType
initBody 75 | HttpNode 611 ExtraAssignment

Total: 34 unique code stimuli (17 Java files from open-source projects, each with an original and defect-seeded version)

TABLE 1: Code summarization (and defect detection) stimuli. Each stimulus asks participants to summarize the given
method (“Method name”), with the full file available as context (“File name”). In cases where a seeded defect is present
the category is noted (“Seeded defect type”). We make our stimuli avaliable (see Section 5).

3.3.2 Al Summary Stimuli

We generated Al summaries for participant use as assistance
during some tasks. For each code-snippet stimulus (both the
original and the defect-seeded version of the Java module),
we provided ChatGPT-4o0 with the full source code of the
corresponding module and requested (1) a code-comment-
style summary of the target method, and (2) a statement
indicating whether it believed the module contained a bug.
Both (1) and (2) served as the assistance shown to par-
ticipants. The bug statement allowed us to determine the
correctness of the Al summary with respect to the defect
seeding status for that code version (i.e., whether a seeded
defect was present). We also manually verified that the
Al summaries never correctly identified a non-seeded (i.e.,
latent) defect in our stimuli.

We thus labeled each Al summary by comparing its
bug statement to the ground truth seeded defect status
of the corresponding code version, yielding four possible
correctness outcomes: a true positive (the model stated that a
bug was present and the code contained a seeded defect), a
true negative (the model stated that no bug was present and
the code contained no seeded defect), a false positive (the
model stated that a bug was present but the code contained
no seeded defect and our manual verification ruled out
the claimed bug), and a false negative (the model stated
that no bug was present but the code contained a seeded
defect). For each stimulus, we iteratively queried the model
to obtain examples of all four outcomes. We note that since
we queried the model until we obtained all 4 categories
that these stimuli do not represent a sample of exact Al
error rates and are instead intended to help us examine the
hypothetical cost of Al inaccuracies.

When necessary, we varied the prompt by adding a brief
framing paragraph describing the code as written by either a

novice or an expert, as seen in prior work in LLMs [53], [60].
In cases where the model repeatedly produced the same out-
come, we reseeded the defect in a different location within
the method and repeated the query. The exact prompt text is
available in our replication package. In all cases, the output
of the AI model is used verbatim (i.e., no manual edit-
ing). We believe these Al summaries provide a moderately-
realistic form of developer-facing Al assistance because they
were used exactly as produced by a state-of-the-art (at the
time of data collection and participant performance) model,
including naturally occurring inaccuracies, while the four
labeled correctness outcomes enabled experimental control
over the accuracy of Al assistance.

3.3.3 Stimuli Presentation

We delivered all materials through a remote online survey
(see Figure 2), which shows an example of the survey inter-
face. When first presented with the prompt to summarize
code, participants were given an embedded GitHub link
(as shown in the left panel of Figure 2). After clicking
the link, they viewed the target method in the standard
GitHub interface with syntax highlighting (right panel of
Figure 2). The page automatically scrolled to the relevant
method. All files were hosted in a standalone repository
to prevent access to additional project context. Participants
were instructed to summarize the designated method but
could view the entire file.

For Al-assisted tasks, participants were shown an Al-
generated response directly within the survey interface
(middle panel of Figure 2), positioned below the initial
prompt. We embedded the Al response on the same page
to reduce tab switching. We did not change the content, but
introduced minor formatting adjustments (e.g., line breaks)
to improve readability without bias. We styled the Al text
to appear against a dark background, similar to common



Gender Count
Man 28
Woman 17
Prefer not to say 2
Race Count
Asian or Pacific Islander 26
Black or African American 2
Hispanic or Latino 2
White or Caucasian 18
Multiracial or Biracial 1
Prefer not to say 2
Occupation Count
Undergraduate in Computer Science 19
Undergraduate not in Computer Science 7
Graduate student in Computer Science 13
Graduate student not in Computer Science 5
Full or part-time job in Computer Science field 1
Other 2
Self-reported Coding Experience

(scores in [1 (low), 10 (high)]) Count
1<z<3 3
3<xr<4 8
5<x<6 11
T<x<8 22
9<x <10 3

TABLE 2: Demographic overview of survey participants.

“dark mode” ChatGPT interfaces. At the top of the response,
we described it as follows: “Our Al assistant generated the
following text about this method.” For tasks with exercise
breaks, we embedded the guided, timed exercise video in
the survey.

3.4 Recruitment and Participant Contextualization

In this section, we describe the recruitment process for our
human study and our population pool.

Recruitment and Data Population. We recruited 47 partic-
ipants via a combination of email, course forums, posters
and in-class presentations at the University of Michigan, a
large public US university. Subjects were required to be at
least 18 years old, have experience in Java or C++, have
taken or be enrolled in a data structures course, and be
able to safely perform low-impact exercises. To participate,
subjects were required to complete a pre-study to practice
an example task. Consented participants could choose to
complete the study either in a synchronous supervised video-
conferencing session or in an asynchronous self-paced format
completed independently online. In all cases, to preserve
privacy, participants were instructed that video evidence of
exercise could be provided occluded (e.g., the participant’s
body could be out of frame with just a moving arm visible
to show jumping jacks, etc.). In addition, each participant
had their own unique videoconferencing session and URL
(e.g., one participant could never interrupt or see another,
even in a virtual waiting room). Those who completed the
study received $40 for the supervised format and $30 for the
asynchronous format.

Certain individual responses to tasks were excluded
from 6 participants for having response times more than 2
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standard deviations away from the mean. Certain responses
from 3 participants were excluded for not following the
exercise break instructions. Some responses from 1 partic-
ipant were excluded for not completing survey questions
related to the task. Ten responses within the AI condition
were excluded for indicating they did not read the Al These
exclusion criteria were defined before analysis. Our final
analysis considered 260 task responses from 47 participants.
In particular, our analysis included 129 task response data
points for Condition 1 and 131 task response data points for
Condition 2 (see Figure 1). Viewed another way, our analysis
includes 65 task response data points for exercise/Al, 63
for exercise/no-Al, 64 for no-exercise/Al, and 68 for no-
exercise/no-Al.

Population Contextualization. Table 2 summarizes our par-
ticipant demographics. 28 of our participants were men,
17 were women, and 2 preferred not to report gender. 19
reported being undergraduate computer science students, 7
were undergraduate students not in computer science, 13
were graduate computer science students, and 5 were grad-
uate students not in computer science. 1 reported having a
full- or part-time job in computer science.

4 ANALYSIS METHODOLOGY

We analyzed our results via mixed effects modeling and
qualitative analysis.

4.1 Quantitative Analysis

We analyzed performance outcomes across the code sum-
marization tasks using mixed-effects regression models.
This approach is appropriate for our experimental design
because it accommodates repeated observations from the
same participants, accounts for variability across different
tasks, and enables generalization beyond the specific partic-
ipants and items included in the study [27]-[29]. Mixed-
effects modeling is widely used for performance data in
empirical research where multiple observations are collected
from each participant [68]. We controlled the false discov-
ery rate at o = 0.05 using the Benjamini-Hochberg (BH)
procedure and report adjusted p-values. Response time,
code summary quality ratings, and bug detection were
each modeled using regression families appropriate to their
measurement properties. The following sections describe
the modeling strategy, including fixed and random effects
for each dependent variable. We claim no novelty in these
statistical approaches.

4.1.1 Modeling Strategy

Our model-building process compared candidate models
using information-theoretic criteria (AIC/BIC), which bal-
ances fit and model complexity [69], [70]. For all dependent
variables, we specified a core set of design-driven fixed ef-
fects consisting of Al assistance, exercise condition, and trial
sequence number (i.e., proxy for learning effects). Including
predictors derived directly from the experimental design
in an initial base model is consistent with recommended
practice in model development [69], [71].

Using model information criteria (such as AIC/BIC) to
identify a supported random-effects specification is consis-
tent with recommended practice for mixed effects modeling



[70], [72], starting from a maximal random effects structure
where feasible [73]. We first identified an appropriate ran-
dom effects structure by comparing candidate models that
held the core fixed effects constant while varying random
intercepts and slopes for participants and items.

We assessed extensions to this model only after estab-
lishing the random effects structure, which is consistent
with recommended practice [28], [72]. We then considered
extending the fixed effects specification by adding addi-
tional predictors or interaction terms to the core model. For
example, we evaluated whether including participant oc-
cupation, participant physical activity, Java project identity,
if the session was done supervised or not, or the Al and
exercise interaction improved model fit relative to the base
specification. As part of this, we include trial sequence as
a predictor to account for potential learning or adaptation
effects across repeated tasks. Among the 96 candidate fixed
effect formulations considered for each dependent variable,
the final model was selected via the established approach
of information model criteria (AIC/BIC), with lower values
indicating stronger model support [69], [70]. This standard
approach of using information-theoretic criteria to deter-
mine a final model is appropriate as it penalizes overfitting
by favoring parsimonious models.

4.1.2 Model Specifications by Dependent Variable

We describe the our model formulations. We make our
models available (see Section 5).

Response Time. Response time (RT) exhibited a right-
skewed distribution, which is typical for human perfor-
mance measures, so a standard square-root transformation
was applied prior to analysis to improve normality of resid-
uals [74]. The transformed RT outcome was then analyzed
using a linear mixed-effects model (LMM), treating /RT as
a continuous response with approximately Gaussian resid-
ual structure. The model incorporated the fixed and random
effects from model selection (Section 4.1.1).

Code Summary Qualities. Each of the code summary qual-
ity dimensions (accuracy, completeness, conciseness, read-
ability), using a 0-5 ordinal scale via qualitative analysis
(see Section 4.2), was modeled using cumulative link mixed
models (CLMM) suitable for ordered categorical outcomes
[71]. The ordinal specification accounts for the ordered but
non-interval nature of the ratings, avoids assuming linear
distance between rating categories, and yields interpretable
log-odds of being at or above each rating threshold. Fixed
and random effects were specified according to the model-
ing strategy described in Section 4.1.1.

Bug Detection. Participant bug detection performance (cor-
rect vs. incorrect; see Section 4.2) was analyzed using mixed-
effects logistic regression, appropriate for binary response
outcomes. The resulting models (general and Al-only; see
Table 3) estimates the log-odds of successful bug identifica-
tion as a function of the specified fixed effects and random
variance described in Section 4.1.1.

4.2 Qualitative Annotation

We evaluated participant-written prose summaries using a
qualitative annotation procedure adapted from the estab-
lished four-attribute framework of McLoughlin et al. and
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Karas et al. [37], [40]. Two authors independently scored
each summary on four dimensions: accuracy, complete-
ness, conciseness, and readability. A shared codebook and
grading rubric were agreed upon prior to annotation. Each
attribute was scored on a 5-point scale, with one point
deducted for each unmet rubric criterion (see Section 5). One
author was a Computer Science PhD student, and the other
was a fourth-year undergraduate in Computer Science.
Annotation proceeded in three stages. In the training
stage, both annotators independently scored all summaries
for 4 of the 17 code methods. They then met in a negotiated
consensus stage (cf. [75]) to ensure consistent application
of rubrics, resolve disagreements, and finalize training set
scores. Finally, annotators independently scored the remain-
ing summaries, after which we computed the intraclass
correlation coefficient (ICC) to assess interrater reliability
across all summaries. ICC was 0.92 across all annotations.
For the binary assessment of bug detection, we followed
a semantically guided annotation procedure. One author
reviewed each participant’s bug description and marked
it as correct or incorrect. To be considered correct, the
description had to identify the appropriate line(s) where
the defect occurred and explain why it constituted a defect.
Correctness was evaluated generously rather than strictly:
if a defect seeded on line X could also manifest on lines Y’
or Z, all such locations were accepted (e.g., an uninitialized
variable could be reported either at declaration or at use).

5 REPLICATION PACKAGE

We make our data, analysis scripts, derived mod-
els, and qualitative annotations available for trans-
parency and replication of our findings. Our package is
available at https://github.com/pasantiesteban/25-Code-
Summarization-Exercise-Al.

6 RESULTS

We present quantitative and qualitative results of our inves-
tigation of effect of exercise breaks and Al assistance on code
summarization performance (see Section 1 for our primary
research questions). P# denotes a participant number for
quote attribution. All 3 values correspond to fixed-effect co-
efficients from the mixed-effects models (see Table 3) and are
reported on the model link scale (e.g., log-odds for ordinal
outcomes), indicating the direction and relative magnitude
of effects. To aid interpretation, we also report descriptive
statistics (e.g., average character length and response time),
which are not part of the models but provide contextual
information about observed differences.

6.1 RQ1 — Effect of Exercise on Performance

We examined whether physical exercise prior to a code
summarization task influenced performance, measured by
response time, summary quality, and bug detection accu-
racy. Although bug detection is not a direct summarization
outcome, it reflects broader program comprehension closely
related to summarization. Based on prior work showing
exercise improves lecture-based performance [31], we hy-
pothesized similar benefits for software engineering tasks.


https://github.com/pasantiesteban/25-Code-Summarization-Exercise-AI
https://github.com/pasantiesteban/25-Code-Summarization-Exercise-AI
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TABLE 3: Fixed-effect estimates () of key predictors across all final mixed-effects models. Coefficients are reported on each
model’s link or transformed scale. Shaded cells indicate statistically significant effects (p < .05). The final column reports
marginal (M) and conditional (C) R? values for each model, where marginal R? reflects the variance explained by the
fixed effects alone, and conditional R reflects the variance explained by both the fixed and random effects. The marginal
R? values ranged from 0.02 - 0.31 across outcomes, consistent with prior behavioral research where modest fixed-effect
explanatory power is expected in complex human-performance tasks [76]. Full model specifications and estimation details
are available in the replication package. * In the Al-only bug-detection model, the Al assistance predictor reflects the effect of Al's

ground truth in terms of the defect seeded status.

Outcome Model Link / Scale  Exercise Al Assistance Trial Sequence Exercise x Trial R? (M /C)
Response Time (RT) LMM (v/RT) B=1.88 B8=0.11 B=-1.31 n/a 0.27/0.86
Summary Accuracy CLMM (logit) B =-2.50 £ =0.12 B =-0.35 B =0.48 0.22/0.28
Summary Completeness CLMM (logit) B=0.27 B =0.50 B =-0.05 n/a 0.02/0.43
Summary Readability CLMM (logit) B =-0.98 B =-0.09 B=-0.11 n/a 0.10/0.57
Summary Conciseness CLMM (logit) B=-0.85 B =1.02 B=0.17 n/a 0.22/0.47
Bug Detection Accuracy (general) GLMM (logit) B=-0.73 B8=0.73 B=-0.17 B=0.29 0.05/0.31
Bug Detection Accuracy (Al-only) GLMM (logit) £ =0.39 B =251* B =0.09 n/a 0.29/0.41

Exercise Impairs Summarization Performance. Surpris-
ingly, the net effect of our exercise intervention had a neg-
ative impact on both response time and summary quality.
We find that participants in the exercise condition had
significantly longer response times (8 = 1.88, p = 0.023),
indicating slower responses under the model. Descriptively,
participants in the exercise condition took an average of 526
seconds per summary (SD = 243), compared to 486 seconds
(SD = 225) for non-exercised participants. Exercise was also
associated with significantly lower accuracy (8 = -2.50,
p = 0.009). This indicates reduced correctness in summariz-
ing code functionality. Our qualitative analysis supports this
as we found that exercised participants made significantly
more minor comprehension mistakes than their counterpart.
In particular, we find that about 14% of summaries (9/63)
within the exercise/no-Al condition describe an incorrect
object, compared to 6% (4/71) in the no-exercise/no-Al
condition (p < 0.05). For example, a participant wrote that a
method “will return all combined objects” (P1) when only one
object is returned. Similarly, another participant wrote that
a method will “print out a response message based on the type
of the prompt” (P2) when it is actually based on the object
toolCall.

Exercise was also associated with reduced conciseness
(8 = -0.85, p = 0.023), indicating lower conciseness rat-
ings under the model. Descriptively, exercised participants
produced longer summaries on average (394 characters,
SD = 294) than non-exercised participants (326 characters,
SD = 167). We see qualitative evidence in the summary
structures. Exercised participants tended to summarize
source code in a line-by-line manner, describing the details of
each statement rather than abstracting to retrain important
functionality. For example, one participant walked through
each line of the method: “First the function checks if either the
writeWorkBookHolder is null or if the actual workbook which is
a member variable of the holder is null. If so it returns. Next...”
(P3). We note that the participant wrote this at the beginning
of their summary, when the effects of exercise were less
likely to have worn off. We find that about 17% (11/63) of
summaries within the exercise/no-Al condition are written
line-by-line, compared to about 5% (4/71) within the no-
exercise/no-Al condition (p < 0.02). We do not find evidence

that exercise influences readability or completeness.

Exercise Effects Diminish Over Repeated Trials. We ob-
serve that the net negative effects of exercise are not uniform
over time. A significant interaction between exercise and
trial sequence on summary accuracy (8 = 0.48, p = 0.023)
indicates the effect weakens across trials, suggesting dimin-
ishing initial impairment.

Exercise Does Not Help Seeded Bug Detection. We
assess participants” ability to identify seeded defects in
source code. Across all trials (including both Al and non-
Al cases), exercise showed a negative (8 = —0.73) but non-
significant effect on bug detection (p = 0.40). Thus, we find
no evidence that exercise affects bug detection.

Possible Explanation. This result was both surprising
and theoretically informative. We hypothesize that recent
exercise induces a heightened state of physiological arousal
that can interfere with the calm, sustained abstraction and
executive control associated with high-quality code summa-
rization. This interpretation is consistent with prior work
showing that the cognitive effects of acute high-intensity
aerobic exercise are mixed, with studies reporting improve-
ments, impairments, or no change depending on experimen-
tal design, timing, and task demands [77], [78]. Importantly,
prior work in the exercise-physiology literature shows that
following light or moderate exercise, heart rate and related
autonomic measures gradually return to resting levels over
time [77]. Our finding that the negative effects of the exercise
intervention on summary accuracy diminish over repeated
trials is consistent with this prior work. Prior results demon-
strating benefits of exercise for lecture comprehension and
attention [31] may therefore reflect selective enhancement of
relatively passive processes, such as vigilance and sustained
attention, rather than complex generative tasks such as code
summarization. However, this explanation is inferential:
while it is consistent with prior work, our study did not
directly measure participants’ exercise intensity or physio-
logical state.

Participant self-reports help contextualize these findings.
For the prompt “I felt more prepared to work after the
exercise break,” a plurality of responses disagreed (48%;
61/128), compared to 31% that agreed (40/128) and 21%
that were neutral (27/128). Similarly, for the prompt “The
exercise break helped me concentrate on this task,” 47% of



responses disagreed (60/128), compared to 35% that agreed
(45/128) and 18% that were neutral (23/128). This pattern
suggests that the observed performance differences are un-
likely to be driven by reduced motivation or disengagement,
but instead reflect changes in how participants approached
the task. Despite these perceptions, we do not find evidence
that participants in the exercise/no-Al condition were less
confident that they successfully completed the task than
participants in the no-exercise/no-Al condition (p = 0.51).

Overall, under the exercise protocol used in our study,
participants assigned to the exercise condition did not ex-
hibit improved code summarization performance and in-
stead tended to produce more verbose summaries without
improved correctness.

RQ1 — How does exercise influence performance?

We find that brief exercise impairs code summariza-
tion performance. Participants in the exercise condition
exhibit significantly longer response times (8 = 1.88,
p = 0.023) and reduced summary accuracy (8 = —2.50,
p = 0.009) and conciseness (8 = -0.85, p = 0.023).
Qualitatively, exercised participants more often introduce
minor comprehension mistakes and adopt a line-by-line
summarization style. These negative effects on summa-
rization accuracy diminish over repeated trials (5 = 0.48,
p = 0.023). In contrast, we find no evidence that exercise
improves bug detection performance (p = 0.40).

6.2 RQ2 — Effect of Al Assistance on Performance

We assess the effect of providing static Al code summaries
and bug descriptions on performance. We use the same eval-
uation criteria: (1) response time and (2) summary quality.
We discuss bug detection accuracy in RQ3. We first present
our main result (Al's benefits) and then an explanation.

Al Affects Summarization Style. Our primary finding is
that Al assistance positively changes how participants sum-
marize code, even when the assistance contains incorrect
or hallucinatory bug-related information. Al assistance is
associated with greater conciseness (8 = 1.02, p = 0.014). De-
scriptively, participants in the Al condition produced sum-
maries with an average length of 326 characters (SD = 193),
compared to 393 characters (SD = 276) without Al Notably,
participant-written summaries were substantially shorter
than the Al assistance they were provided with (mean =
852 characters, SD = 312), indicating that participants did
not copy the Al output wholesale but instead engaged
in additional human abstraction. On average, participant
summaries were less than half the length of the Al-provided
assistance.

Al assistance showed a positive association with com-
pleteness (5 = 0.27), but this effect did not remain significant
after BH correction (p = 0.077). In addition, we do not
find evidence that Al improved summarization correctness,
readability, or response time. We discuss bug detection
outcomes in RQ3.

Possible Explanation. Qualitative analysis suggests that
Al assistance improves summarization style by providing a
linguistic and structural scaffold that participants selectively
reuse when writing their own summaries. Rather than copy-
ing Al-generated summaries verbatim, participants appear
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to compress and rephrase the provided content, retaining
key terminology and structural elements while producing
substantially shorter summaries.

One manifestation of this pattern is the reuse of vocabulary
introduced by the Al For example, in one task, several
participants used the term “ingestion,” even though this
concept is not explicitly described in the source code and
appears only as part of a variable name (ingestionId).
However, the term “ingestion” appears in the Al-generated
summary for this task, and all participants who used this
term in their summaries were in the Al condition. This
suggests that Al assistance can introduce or surface domain-
relevant terminology to participants (as in Liu et al. [79]).

We also observe structural similarities between
participant-written summaries and the corresponding
Al-generated assistance. In some cases, participant
sentences closely match the phrasing of the Al output.
For example, one participant wrote: “It sends a PUT request
to upsert the pipeline and a POST request to initiate document
ingestion into the managed pipeline”, followed by “If there’s
problem with the startPipelineResponse, the function will throw
DashScopeException error” (P5). These sentences closely
mirror the Al-generated description, which states: “It sends
a PUT request to upsert the pipeline and a POST request to initiate
document [...] Throws DashScopeException if there are errors in
pipeline creation or document ingestion.” Overall, 50% (32/64) of
summaries in the AI condition share notable phrases or
structures with the Al assistance.

Participant self-reports further contextualize these find-
ings. Participants report greater confidence in completing
the task in the no-exercise/Al condition compared to the
no-exercise/no-Al condition (p = 0.03). They also generally
perceive the Al assistant positively: 53% of responses agreed
with the statement “I am confident in the Al assistant,”
compared to 26% who disagreed and 21% who were neutral;
similarly, 58% disagreed that “The Al assistant is decep-
tive.” Despite these positive perceptions, we do not find
evidence that Al assistance improves summarization cor-
rectness, readability, or completeness. Prior work suggests
that information presented in a fluent, well-structured, and
authoritative style is often perceived as more credible and
persuasive, independent of its correctness [80]. This may
help explain why participants adopt Al-provided language
and structure, even when it does not improve summariza-
tion quality. In RQ3, we probe the impact of Al correctness
(or hallucinations).

RQ2 — How does Al assistance influence performance?

Al assistance improves certain dimensions of code sum-
marization but not overall correctness. Al-assisted par-
ticipants were significantly more concise (3 = 1.02,
p = 0.014). Al provides a linguistic and structural scaf-
fold that participants selectively reuse, compressing and
rephrasing Al content rather than copying it verbatim. In
contrast, we find no evidence that Al assistance improves
summary accuracy, completeness, readability, or time.

6.3 RQ3 — Effect of Al Correctness on Performance

We assess the effect of correct and incorrect Al-provided
bug detection guidance (Section 3.2.2). While prior work



has examined reliance on automated tools and Al assistance
(e.g., [81]), we focus on three goals: to (1) quantify the
magnitude of this effect under controlled conditions, (2)
characterize how strongly users follow incorrect guidance
in seeded bug detection tasks, and (3) compare these effects
across code summarization and seeded bug detection. In all
cases, the guidance was presented verbatim from a gener-
ative Al system and varied in correctness regarding defect
presence. We present the main results, then an explanation.
Because the correctness of the Al guidance was experimen-
tally manipulated (see Section 3.2.2), these results estimate
the impact of receiving incorrect Al advice rather than
the real-world frequency or overall risk of encountering
incorrect Al outputs.

Al Hallucinations Matter in Seeded Bug Detection. Al
correctness strongly predicted human performance on our
seeded bug detection task (8 = 2.51, p < 0.0001). When Al
was correct about the presence or absence of a seeded bug,
participants were 81% likely to report the correct answer.
Conversely, when the Al was incorrect, participants were
only 26% likely to be correct.

Possible Explanation. These results suggest that partic-
ipants relied heavily on Al-provided information for the
seeded bug detection task, amplifying both its benefits when
correct and its costs when misleading. This indicates that
participants did not sufficiently double-check AI assistance
and were particularly vulnerable to Al bias in this task. This
pattern aligns with similar reliance on Al for code summary
construction (Section 6.2).

Qualitatively, this appears in participant explanations for
the seeded bug detection task. When the Al assistance was
correct, participants often detected the defect. For example,
one participant wrote: “The Al is correct that there is a use
of pipelineld on line 776 when that variable is never initialized”
(P6). However, when the Al assistance was incorrect, partic-
ipants often included it unchallenged. For example, in one
task, the Al incorrectly claimed that there was a bug related
to the “returnDirect boolean initialization and updating logic. . . This can
cause incorrect behavior if assumptions about returnDirect are made
later in the code.” A participant then wrote, in agreement with
the Al assistance: “returnDirect is never updated to anything
other than null. This could cause errors further down the line if
future code assumes returnDirect was initialized to a non-null
value” (P7). In the no-exercise/ Al condition, 72% (46/64) of
participant bug descriptions aligned with the Al responses.
When the Al was correct, agreement was high: 81% (13/16)
for true positives (correctly identified defects) and 80%
(16/20) for true negatives (correctly identified absence of
defects). When the AI was incorrect, agreement remained
substantial: 73% (11/15) for false negatives (missed defects)
and 46% (6/13) for false positives (false alarms).

This is particularly relevant because it suggests that Al
accuracy matters more in some summarization and compre-
hension tasks than in others. Incorrect Al still helped sum-
marization style (RQ2), but it impaired seeded bug detection
in our experiment (RQ3). An organization that prioritizes
summarization (or handles bug detection separately) may
thus benefit from newer or speculative Al support, even if
its correctness shows a higher variance.
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RQ3 — How does Al correctness influence performance?

The correctness of Al assistance strongly predicts human
bug detection performance (5 = 2.51, p < 0.0001). When
Al guidance is correct, participants identify defects ac-
curately in 81% of cases; when it is incorrect, accuracy
drops to 27%. Participants frequently accept Al-provided
bug information without verification, amplifying both the
benefits of correct Al and the costs of hallucinations.

7 THREATS TO VALIDITY

We discuss how we mitigate threats to validity.
Recruitment. Subjects who completed the study with syn-
chronous videoconferencing supervision produced more
accurate and complete summaries than those who com-
pleted it asynchronously. This provides nuance to prior
findings that in-person interruptions increased self-reported
stress [82]. In that study, researchers interrupted participants
during coding tasks, whereas in our study the researcher
only supervised without interacting. This indicates that par-
ticipant supervision (in-person or online) may be effective
for obtaining higher quality data in human studies.

Data Population. Our participants are predominantly stu-
dents (see “Occupation” in Table 2), which limits generaliz-
ability to professional developers. Prior work suggests that
experienced developers are better at critically evaluating Al
outputs and are less affected by hallucinations [83]. Thus,
the over-reliance observed here may represent an upper
bound. However, 47% (22/47) of participants reported prior
paid programming experience (e.g., internships). This sug-
gests our results remain relevant to novice or early-career
developers (see Section 8).

Tasks and Stimuli. Our bug detection setup may not reflect
real-world tasks, where defects are not limited to single
seeded bugs and developers can use debugging tools or test
cases (cf. [84]). We focus on the effect of Al support and
use an intentionally simplified task setting. As a result, our
findings may not fully generalize to more complex or tool-
supported development settings, and should be validated
in industrial contexts.

Treatments: Al Participants received static, pre-generated
Al summaries rather than interacting with an Al system
in real time. In real-world settings, developers may use Al
iteratively, request clarifications, or refine prompts dynami-
cally. In particular, presenting a single, fixed summary may
encourage anchoring on an initial explanation [26], whereas
interactive systems allow users to question, refine, or correct
outputs, potentially leading to different reliance behaviors.
This difference may reduce ecological validity relative to
actual Al-assisted programming workflows. We mitigated
this by using responses generated from a state-of-the-art
LLM at the time of the experiment. Participants received
representative and realistic Al-produced summaries, even if
the interaction modality was not dynamic.

Treatments: Exercise. We discuss two threats associated
with our exercise treatment. First, slower response times
after exercise may partly reflect short-term physical fatigue
rather than changes in task performance [85]. Because we
did not measure fatigue directly (e.g., heart rate or perceived
exertion), exercise intensity is not explicitly modeled, and



our results reflect the net effect of introducing a brief ex-
ercise break before the task. Second, the diminishing effect
of exercise over repeated trials may reflect physiological re-
covery, variation in exercise intensity across participants, or
other time-dependent factors. Our study was not designed
to distinguish among these possibilities.

8 DISCUSSION

We discuss and explore the implications of our findings.

Possible implications on when to exercise. The net
negative effects of exercise on both response time and
accuracy suggest that the intervention, as implemented,
introduced performance costs. One interpretation is that
participants operated beyond an optimal level of “arousal”
(a psychology term for physiological and psychological
activation linked to alertness), as cognitive performance is
often characterized by an inverted U-shaped relationship
with arousal or stress, where moderate levels can benefit
performance but higher levels can impair it [86]. Consistent
with this view, prior work shows that the cognitive effects
of acute exercise vary with intensity, duration, and the
timing of assessment relative to the exercise bout [77]. In
our setting, tasks were performed soon after exercise, which
may have placed participants in a higher-arousal or fatigued
state, contributing to the observed slowdown and reduced
accuracy. Although prior work does not specify an optimal
recovery interval, post-exercise timing may be an important
design dimension for future work.

An alternative interpretation of our findings relates to
task type. Our exercise protocol is adapted from prior
classroom settings in which brief exercise breaks during
lectures improved attention and learning outcomes, both
immediately and at delayed assessments [31]. However,
those settings involve passive learning tasks with inter-
leaved activity, whereas our study evaluates immediate per-
formance on active tasks. This suggests that the effectiveness
of exercise interventions may depend on task demands,
potentially benefiting sustained activities (e.g., formal code
inspection) more than tightly scoped tasks requiring imme-
diate, precise responses (e.g., fine-grained bug detection).
Based on results, we do not recommend exercise right before
a short school activity (such as a timed quiz), but we leave
open the possibility of using exercise for longer-duration
academic tasks.

Possible implications for early-career developers. Our
results suggest that Al assistance can reduce performance
when its output is not carefully examined (see Section 6.2
and 6.3). Although our sample includes participants with
varying levels of experience (i.e., 47% reported prior paid
programming experience), it remains skewed toward stu-
dents preparing to enter the workforce. Therefore, we hy-
pothesize that these observations may point to potential
challenges in academic and early professional settings. In
particular, if similar patterns hold among early-career devel-
opers, over-reliance on Al assistance without critical evalu-
ation may impact tasks that require synthesizing intent and
design decisions, such as documentation creation, which
plays a central role in software maintenance [1], [2]. While
not our primary focus, we also did not observe differences in
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Al assistance usage between easier and more difficult prob-
lems, suggesting relatively uniform reliance. As Al tools
become more integrated into learning environments [87],
future studies should examine whether training that em-
phasizes interpreting and validating Al-generated content
improves outcomes for students and early-career develop-
ers, and whether these findings generalize to experienced
professionals.

9 CONCLUSION

We investigate how brief physical exercise and static Al
assistance influence code summarization and bug detection
tasks. To the best of our knowledge, we present the first
study of student developers (N = 47) to investigate exercise
and code summarization as well as exercise and static Al
support. Although both interventions are often assumed to
be beneficial, our results show that their effects are task
dependent and can impose unintended costs, consistent
with prior work on human-based interventions [77], [78].

Contrary to expectations drawn from studies reporting
benefits of exercise for attention, learning or arithmetic [30],
[31], performing coding tasks immediately after exercise
does not improve summarization performance and instead
leads to slower and lower-quality summaries, with signifi-
cant declines in accuracy and conciseness (p < 0.03).

Al assistance shapes how developers summarize code.
Al-supported summaries are more concise (p < 0.05), but Al
assistance does not improve summarization accuracy. For
bug detection, however, Al correctness is decisive. Correct
Al guidance substantially improves bug detection, while in-
correct guidance sharply degrades performance (p < 0.0001):
uncritical reliance on Al assistance is risky [25], [26].

Overall, these findings indicate that neither exercise
nor Al assistance should be assumed to universally en-
hance developer performance. For practitioners, our find-
ings suggest that Al assistance is most valuable when its
output is actively verified, particularly for tasks involving
bug detection where incorrect guidance can be costly. For
software engineering educators, these results motivate em-
phasizing critical evaluation of Al-generated content along-
side traditional programming skills for students. In addi-
tion, our results, based predominately student participants,
suggest caution for students using Al assistance to under-
stand new code bases. Future work should examine how
developers calibrate trust in Al systems and how interfaces
can better support verification in Al-assisted programming.
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