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Abstract

Code comprehension is a cognitively demanding task, becoming
increasingly important as developers spend more time reviewing
Al-generated code. Prior research has examined factors influencing
comprehension, including source code characteristics, developer
traits, practices such as refactoring, and different strategies devel-
opers use to comprehend code. Despite this work, there is no clear
consensus on what effectively supports comprehension. Refactor-
ing standards still rely largely on static code metrics, many best
practices lack empirical validation, and findings are often contra-
dictory. More fundamentally, given the cognitive nature of code
comprehension, the cognitive reasons why developers adopt dif-
ferent comprehension strategies remain largely unexplored. In this
study, we examine how individual cognitive differences impact code
comprehension by looking at how refactoring affects developers’
cognitive processes. We performed a within-subjects eye-tracking
experiment where student developers view four Java tasks, either a
refactored or non-refactored version, allowing us to compare how
code refactoring affects their cognitive behaviour. First, we use
the GenderMag cognitive framework to characterize developers’
cognitive styles. Then, during code comprehension tasks, we use
eye-tracking to observe their cognitive behavioural patterns and an-
alyze whether these patterns differ or align across cognitive styles.
Our preliminary results with four pilot participants showed clear
variations in their code-tracing strategies across different cognitive
styles. Addressing this gap in understanding developer cognitive be-
haviour in code comprehension provides insights into the needs of
developers through empirical investigation. This research calls for
a fundamental shift from generic best practices toward developer-
centric best practices—ones that are aware and recognize individual
differences across the software engineering workflow.

Keywords

Code comprehension, Cognitive diversity, Modularity, Decomposi-
tion, Software engineering best practices, Human aspects

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

JaWSs 26, Rio de Janeiro, Brazil

© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxx-X/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

Reid Holmes
University of British Columbia
Vancouver, Canada

Thomas Fritz
University of Zurich
Zurich, Switzerland

Kelly Blincoe
University of Auckland
Auckland, New Zealand

ACM Reference Format:

Faith Culas, Reid Holmes, Thomas Fritz, Priyanka Dhopade, and Kelly
Blincoe. 2026. Code Comprehension Beyond Best Practices: Exploring the
Developer Cognitive Spectrum. In Proceedings of Journal Ahead Workshop
(JAWSs) at ICSE (JaWSs °26). ACM, New York, NY, USA, 10 pages. https:
//doi.org/10.1145/nnnnnnn.nnnnnnn

1 Introduction

Code comprehension is a complex cognitive task that is estimated
to consume 30-70% of developers’ time [28, 33]. Its importance is
increasing as developers spend more time reviewing Al-generated
code than writing code themselves [34]. Code comprehension goes
beyond reading lines of code; it involves constructing a mental
model of how the code works and is essential for tasks such as
debugging, code review, and maintenance. Prior research has iden-
tified factors that influence code comprehension, including source
code characteristics (e.g., comments and identifier names) and in-
dividual developer characteristics (e.g., age and experience) [64].
Despite these insights, many widely accepted coding best prac-
tices in code comprehension still lack empirical validation, and
existing findings often contradict each other, creating uncertainty
about which practices genuinely improve comprehension. For ex-
ample, Robert C. Martin advocates writing short functions that do
one thing [27], a principle commonly applied through the Extract
Method refactoring [16]. While this refactoring principle is believed
to improve code design and comprehensibility, studies report that
it can instead increase code smells [8]. Ordofiez-Pacheco et al. [37]
highlight that many practices are accepted because they have been
successful in specific contexts, but this does not necessarily make
them universal. They conclude their study highlighting that there
is still a lack of formalisation and empirical validation of what we
call best practice in software engineering (SE), and emphasize the
need to better understand the nature of these practices and how
we evaluate them.

While the importance of code comprehension and the contra-
dicting findings are a good enough motivation for the very active
research in the area, we believe that a very important factor has
often been overlooked—the underlying cognitive differences among
developers. Wyrich et al. [64] in their systematic mapping study of
40 years of code comprehension experiments mention that the cog-
nitive process of code comprehension is still fairly under-explored.
Although popular code comprehension models examine compre-
hension strategies (top-down and bottom-up) and cognitive factors
(working memory and cognitive load), they have yet to account for
why individuals adopt different comprehension strategies [19]. That
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said, a growing body of work has explored the e ect of individual
demographic di erences such as aged, gender 3, neurological
conditions B0, experience §, 14 24, 45 47,53 62 63 65, and
code familiarity [22 63. While various human factors have been
explored, the underlying cognitive styles of the developers that can
explain these di erences in depth are yet to be explored.

In addition to this gap in literature, there is a also fundamen-
tal challenge in how code comprehension is measured. Due to its
subjective nature, the de nition of code comprehension is often
implicitly shaped by the chosen measurement, such as time taken to
understand code, accuracy in answering comprehension questions,
or the quality of a written summary ¢4]. As a result, evaluation
methods for code comprehension are frequently ambiguous and
lack concrete guidelinesAB 64. Code summarisation is a good
example of this issue. It is commonly used for measuring code
comprehension, yet the eld still lacks agreement on what con-
stitutes a good code summary. Existing evaluation approaches
vary widely, ranging from rule-based heuristic§, to identifying
important code elementsHd, to structural analyses based on Ab-
stract Syntax Trees (ASTs9,[26. However, these methods rely on
di erent assumptions about what matters for comprehension, such
as summary length, level of abstraction, or selected code elements.
Moreover, what developers perceive as important in code can di er
substantially B3, suggesting that subjective judgment and individ-
ual comprehension styles may in uence both code summaries and
its evaluation. This lack of consensus is particularly concerning
given the growing importance of code summarisation in practice as
it is one of most frequently used features of Al assistar&§][ It is
therefore important to understand how developers' cognitive styles
and code comprehension strategies in uence code summarisation,
and how these factors, in turn, shape our interpretation of a good
code summary.

Motivated by these gaps, we hypothesize that both code com-
prehension strategies and code summaries are subjective and dif-
fer based on developers' cognitive di erences. With this aim, in
this journal ahead workshop paper, we perform an eye-tracking
experiment to understand the cognitive variability in how develop-
ers approach code comprehension and code summarisation tasks
We do so by looking at one of the popular best practices in code
refactoring functional decomposition in the form of Extract
Method. For instance, a common indicator for method extraction
is method length (e.g., more than 20 lines). However, it remains
unclear whether this level of abstraction bene ts all cognitive styles.
Our study is built on the preliminary work of Tempero et al. on the
comprehensibility of functional decompositio®[l]. Their study on
whether functional decomposition enhances code comprehensibil-
ity yielded negative results. Despite the limitations explained, yet
one important factor remains underexplored the cognitive styles
of the developers. We do not argue that decomposition is not bene-
cial at all. While it is widely used for reasons such as reusability,
readability, and maintainability, we want to investigate the relation-
ship between code comprehension and developer cognitive styles.
Our research is guided by two research questions:

RQ1: How do code comprehension strategies vary for dif-
ferent decompositions of functions across developer cogni-
tive styles? We investigate how participants comprehend a version

Culas et al.

of four Java tasks, through several factors such as eye gaze data, par+s
ticipant self-assessments, code summarisations, and correctness of76
answers. During the experiment, eye tracking captures developers'177
code tracing styles via xations and scanpaths, revealing their com- 178
prehension strategies. We administer a pre-experiment GenderMag179
questionnaire to assess their cognitive styles related to problem 180
solving [5]. We then analyse how comprehension strategies vary 1s1
across the developers' cognitive styles. 182
RQ2: How do developers' code comprehension based on 183
code summaries relate to their cognitive styles and compre- 184
hension strategy? To assess code comprehension, participants are 185
asked to summarise what the code does for each task. We then inveszss
tigate whether these summaries are related to developers' cognitive 187
styles. For example, if a developer is risk-averse, does this cognitiveiss
trait shape how they trace code when code is decomposed versusis9
when it's not? And if code-comprehension strategies vary because 190
of diverse cognitive styles, might this, in turn, lead to di erences 191
in code summarisation? 192
In summary, this paper with its extension as a journal, plans to 193
makes the following contributions: 194
195

196
(1) To the best of our knowledge, we are the rst to investigate .,

how cognitive styles in uence code comprehension to under- o
stand why developers vary in code comprehension strategies.
This work establishes a starting point for studying the role of
cognitive styles in SE tasks and underscores their importance ,,
in the design of SE tools and practices. 202
(2) Through empirical evidence, we present more insights into .
whata good summary means for developers. As Al generated ,,
summaries become common, this study can inform the design of ,,
Al coding assistants and best practices for code comprehension,, .
such that di erent developers should have access to di erent .
types of summaries and code structure through personalisation. ,
This also serves as a call for action on existing evaluation metrics
for coding practices and code comprehension studies. 210
(3) We conduct a controlled experiment using realistic task condi- ,,,
tions, including an IDE and substantial code examples, rather , ,
than isolated snippets or images common in prior work. Our .
eye-tracking setup even supports collapsing methods, uncom-,, ,
mon in such studies. Comprehension is measured through re-,,.
alistic tasks rather than testing factors such as recall, better
approximating how developers actually work with code. This
exempli es moving comprehension studies toward more natu-
ralistic settings.

200

216
217
218
219
220
9221
d-222

The remainder of this paper is organised as follows: Section
presents background and related work. Section 3 details the metho
ology. Section 4 presents preliminary results. Section 5 discusses?®
these results in an exploratory manner. Section 6 addresses threats’?*

to validity. Section 7 concludes the paper. 225
226

227
228
2 Related work 229
This section reviews related work on code comprehension, summa-230
rization, and the cognitive aspects explored in previous studies. 231
232
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2.1 Static code metrics and code comprehension
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24, 31] and fMRI [7, 40 have linked programming tasks to brain 291

Research spanning decades has identi ed numerous static code regions involved in working memory, attention, and language pro- 292

characteristics that in uence code comprehension, including nam-
ing conventions, lines of code, and code commei®4.[These are

cessing, while eye-tracking studie$,[41, 54, 59 have revealed 293
patterns of visual attention and reading strategies. Studies report 294

often used to guide refactoring to ease comprehension. Yet con- 0N icting ndings on cognitive processes as well. For example, one 295

tradictory ndings persist regarding their relative importance. For
instance, while the majority of studies support the nding that
meaningful long identi ers improve comprehension, Beniamini
et al. found results that single letter variables can be bene cial
in certain contexts and lead to more concise co@k [n contrast,
Teasley found that naming style has no e ect on comprehension

©

study shows that developers focus more on the method baljy [ 296
in contrast to a prior study which found that developers primarily 297
focus on the method signaturetf]. Teasley pQ highlights that 298
comprehension depends on who is doing it, and in line with this, 299
even though prior work has looked at the characteristics of the 300
developer (the who), there is still less knowledge on how their 301

and emphasizes the need to better understand the characteristics Underlying cognitive styles in uence code comprehension, leav- s02

of the comprehender of the cod®&(j. A study by Scalabrino et
al. [47 with 121 code metrics which resulted in negative results
highlights that each developer has their unique process for under-
standing code. Interestingly, they found that some developers found

the least understandable code snippet to be understandable. Indi-

vidual developer cognitive characteristics remain under-explored,
leaving unresolved how cognitive di erences shape comprehension
alongside source code properties.

2.2 Modularity and code comprehension

Guided by static code metrics, modularity is a widely practised
mechanism. It involves structuring programs into smaller com-

ponents such as modules, classes, or methods, and is commonlyever, both present limitations: when summarisation is used as a

believed to enhance comprehensibility and support local changes
without a ecting other components 88. Functional decomposi-
tion is a common application of modularity, whereby a task im-
plemented as a single method is refactored into multiple smaller
methods. Decomposition is often motivated by factors such as
long methods, which are frequently treated as a code smell. The
Extract Method refactoring often described as the Swiss army
knife of refactorings is one of the most widely used techniques
for decomposing long code fragments, reducing complexity, and
eliminating duplication P]. However, empirical evidence on the

e ects of decomposition on code comprehension remains mixed.
Segalotto et al.49 reported higher correctness when participants
comprehended non-modularized code, while Tempero etéf] [
found no clear relationship between functional decomposition and
comprehension. Ribeiro et akf observed that novices reported
better comprehension with larger code snippets, a preference not
shared by experts. Additionally, Segalotto et a9 found that al-
though developers expend less cognitive e ort when understanding
modularized code, they spend more time doing so, without corre-
sponding gains in correctness. A recent large-scale study analyzed
over 600k methods and found that code metrics used in prior studies
exhibit high variance, particularly in small code samples explaining
why prior results are often con icting LJ. These ndings suggest
that factors beyond modularity may in uence comprehension out-
comes, leaving the relationship between decomposition and code
comprehension an open research question.

2.3 Cognitive processes in code comprehension
studies

ing open questions about why developers use di erent strategies. 303
Wyrich et al. [64 conclude their systematic mapping study of 40 304
years of code comprehension, by emphasizing that research on thesos
cognitive processes involved in code comprehension is essential tosos
guide study designs and explain developers' strategy choices. 307

308
2.4 Evaluation metrics in code comprehension 309

studies 310

. . . . 311
When it comes to evaluating code comprehension, studies have

used diverse metrics, including correctness, time to (:ompletion,312
recall ability, and code-based tasks such as bug ndifig[ Among

. 314
these, correctness and time are the most commonly us& How-

315

measure of correctness, the quality is inherently subjecti@€][ zj

while time-to-completion is ambiguous, as longer durations may s
re ect either task di culty or deeper analysis rather than poor com-
prehension R0 39 61]. Among these evaluation metrics, code sum- o
marisation is particularly promising, as it captures how developers jzo
interpret in natural language, and its relevance is underscored by its
widespread use in industry, including Al coding assistani€]| Re-

cent research in code summarisation focus on incorporating human °
attention data into machine learning modelST, 6§. Despite these
advances, human-generated summaries continue to outperform32
machine-generated ones and research is exploring how to align %
Al models with human focus29. But developers do not attend
to code uniformly. Their subjective judgment a ects the quality
of the summary 3. This highlights that while machine aims to
mimic human attention, our understanding of di erences in human
comprehension itself remains limited, leaving a critical gap in our 33
understanding of what developers regard as good summary. Study-
ing these di erences can help explain why summary quality varies
across developers and inform the design of models and evaluationzzz
metrics that better account for the full spectrum of cognitive styles. a6
337

3 Methodology e
This section describes our study design and implementation. We 554
have completed a pilot study with four participants. The main ,,
study will follow the same setup as the pilot, recruit additional 5,
participants, and run over three months. 342

343

3.1 Study design 304

Using cognitive styles as a lens, this study examines how developerss4s

Advances in neuroscience and cognitive psychology have enabled comprehend decomposed versus non-decomposed code. We airws
empirical studies of code comprehension. Techniques such as EEG [ to inform refactoring best practices and, more broadly, emphasize 347
3 348
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Figure 1: The experiment ow starting from introduction and calibration to the tasks and nally ending with the interview. 417
418

the role of cognitive styles in SE tools and practices. We structured continuum for each facet. GenderMag includes a validated likert- jiz
the experiment around four key aspects of code comprehension scale questionnaire and uses median scores to classify participants421
studies [15]: into personas 1§. For our pilot study, we used the median of a .
(a) Code selection: We limited the study to Java, widely taught  similar sample of students responses from a previous study (see423
in SE curricula and used in industry. Code snippets were drawn Figure 3 for the personas of the four pilot participants).
from prior work and popular refactoring exercises (see Section 3.4).
(b) Participant selection: We recruited students, represent-
ing novice or early-career developers. By studying novices, we
aim to capture cognitive di erences before they are partially sup-
pressed or compensated for through experience, thereby enabling
a fairer evaluation. Prior research supports the use of student par-
ticipants [13 46 but a key consideration is the population they
represent, which we address by collecting data on participants’
programming experience levels.
(c) Task selection: The experiment was limited to four code
comprehension tasks, so that sessions remained under 90 minutes
to prevent fatigue and loss of concentration.
(d) Metrics: Comprehension was assessed via summarisation
and two multiple-choice questions per task, to avoid overburdening
participants and thus risking loss of motivation. Eye-tracking data
was collected to examine di erences in comprehension strategies Figure 2: GenderMag cognitive facet description for each
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rather than correctness. persona "

442
3.2 Participant recruitment a3
The four pilot study participants were recruited through immediate 444
networks without wider advertisement. For the extended study, 445
participants will be recruited through university online student 446
channels and yers targeted to computer science and software en- 447
gineering students at the institution. Anyone interested in taking 448
part in the experiment is to Il out a short questionnaire to ex- Figure 3: Participants categorised into GenderMag personas 449
press their interest. This questionnaire includes questions to assess 450
participants' cognitive style, gender, and programming experience. 451
Programming experience is collected for both general program- 452
ming and Java-speci ¢ experience using years of experience and 3-3  Study procedure 453

self-reported skill levels on a ve-point scale ranging from novice  Each participant completed a 90-minute individual lab session. The 454
(stage 1) to expert (stage 5)7. To assess cognitive styles, we session began with a brief introduction, followed by eye-tracker 455
use GenderMag, a well-established method for assessing cogni-calibration. Participants then completed a short warm-up task to 4s6
tive styles related to problem solvingd]. GenderMag has been  familiarise themselves with the environment and setup. This was 457
applied to identify biases in SE tools, such as code review tags [ followed by the main observation tasks (Section 3.4), during which 4ss
GitHub [32, and PyCharm debuggindlfl]. GenderMag uses three  screen activity, interactions, and verbalisations were recorded. The 459
personas Abi, Pat, and Tim to represent ve cognitive facets: session concluded with a short retrospective interview. The study 460
Motivations, Computer Self-E cacy, Information Processing Style, was approved by the institution's ethics committee. 461
Learning Style, and Attitudes toward Risk (see Figure 2 for ade- 1) Introduction: We began by introducing participants to the 462
scription of the facets for each persona). Individuals fall along a study goals, session structure, and experimental setup. A $50 gift46s

4 464
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