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Abstract 
Atoms of Confusion (AoCs) are small, syntactically valid code pat-
terns that can increase cognitive load during program comprehen-
sion. Earlier research suggested that AoCs are common and poten-
tially harmful, but more recent studies have questioned whether 
their efects generalize beyond less experienced developers. This 
confrmatory study aims to reexamine whether the presence of 
AoCs slows comprehension or alters repair preferences. Moreover, 
we examine whether these efects are moderated by developers’ 
programming experience. We investigate task completion time 
and the kind of repairs developers prefer when interacting with 
code containing AoCs. We propose a two-phase study consisting 
of a pre-screening questionnaire and a controlled experiment. The 
questionnaire will function as a qualifcation instrument. In the 
experiment, participants will complete eight Java comprehension 
tasks, four with an AoC and four without. For each task, developers 
are asked to identify a seeded defect and to rank three functionally 
equivalent repairs difering in AoC inclusion. Task completion time 
and the top-ranked repair will be analyzed using mixed-efects lin-
ear and multinomial regression models, with AoC presence as the 
manipulated factor and programming experience as a covariate. 

CCS Concepts 
• Software and its engineering → Consistency; • General and 
reference → Experimentation; Empirical studies. 

Keywords 
program comprehension, Atoms of Confusion, controlled experi-
ment 

1 Introduction 
Code that is difcult to understand slows software maintenance [14, 
15], increases the likelihood of introducing defects [11, 23], and re-
duces team productivity [8, 20]. While many readability issues arise 
from structural or semantic complexity, confusion can also stem 
from syntactic patterns that are valid yet cognitively demanding. 
Gopstein et al. identifed a set of such patterns and termed them 
Atoms of Confusion (AoCs) [10]. Subsequent studies have catalogued 
AoCs in multiple languages [11, 18] and examined their impact on 
comprehension and defect proneness [4, 5, 21]. However, fndings 
remain inconsistent as some studies report measurable slowdowns, 
while others fnd only negligible efects. These discrepancies may 
arise from diferences in task realism, participant expertise, or the 
operationalization of comprehension. In particular, recent work 
has focused primarily on novice populations, leaving open whether 
AoC efects vary with developer experience. 

We investigate this gap through a controlled experiment de-
signed to test whether the presence of AoCs afects developers’ task 
efciency and the repair preferences of developers, and whether 
these efects are moderated by their programming experience. Par-
ticipants complete eight Java comprehension tasks, half containing 
a target AoC and half without. For each task, they identify a seeded 
defect and rank three functionally-equivalent repairs that vary 
in AoC inclusion: one removes the AoC, one retains it, and the 
third introduces a diferent AoC. We will record task completion 
time and repair rankings to capture both comprehension efciency 
and stylistic preference. Analyses will use mixed-efects linear and 
multinomial regression, with AoC presence as the manipulated 
factor and programming experience (in years) as a covariate. 

This design allows direct comparison of comprehension and 
repair behaviour on code with and without AoCs, while controlling 
for participant-level variability. Findings aim to clarify when and for 
whom AoCs pose cognitive challenges, informing future readability 
tools, review practices, and training approaches that account for 
programming experience. 

2 Background and Related Work 
The concept of Atoms of Confusion (AoCs), i.e., syntactic patterns 
that may cause confusion, was introduced by Gopstein et al. [10], 
who identifed 15 such patterns in C-like languages. More recent 
work found these patterns to be both prevalent and defect-prone 
in open-source C/C++ systems [11]. Listing 1 shows an example 
from the FreeBSD repository, where the developer confused the 
order of precedence between the bitwise OR and ternary operators, 
which introduced a defect. More recent studies have shown that 
the presence of AoCs in code snippets was not necessarily why 
the participants incorrectly evaluated the outcome, nor did correct 
evaluations guarantee understanding of AoCs [9, 25]. 

ulpmc->cmd = htobe32(V_ULPTX_CMD(ULP_TX_MEM_WRITE) | 
is_t4(sc) ? F_ULP_MEMIO_ORDER : F_T5_ULP_MEMIO_IMM); 

Listing 1: Defective code snippet with Infx Order Precedence AoC 

Subsequent research investigated the behavioural and physio-
logical efects of AoCs. De Oliveira et al. [5] used eye tracking to 
show that AoCs slowed comprehension time by over 40% and drew 
focused visual attention. Da Costa et al. [4] conducted a controlled 
experiment with 32 undergraduate participants classifed as novices 
in the target language, comparing programs containing AoCs with 
functionally equivalent clarifed versions. While their study pro-
vides detailed evidence of how AoCs afect novice programmers, it 
does not examine how these efects vary across diferent levels of 
developer experience or model experience as a moderating factor. 
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Researchers have also studied AoCs that can occur in Java pro-
grams. Langhout and Aniche [18] proposed 14 types of AoCs for 
Java, and surveyed 132 students, showing that some patterns hinder 
comprehension more than others. Mendes et al. [21] and Tahsin et 
al. [27] analyzed open-source Java projects and found that while 
some AoCs types were common, others were rare. Moreover, they 
found that the prevalence of AoCs correlated with project-level 
factors, such as the depth of the inheritance tree, the project age, 
and indicators of maintenance activity. 

Prior work has also scrutinized the impact of AoCs. Yeh et al. [28] 
found no signifcant increase in cognitive load (measured using EEG 
signals) between code with and without AoCs. Pinheiro et al. [22] 
found that only 4.5% of the studied commits explicitly removed 
AoCs, and just 11.7% of those removals were the direct cause of 
fxes or improvements. Bogachenkova et al. [2] observed only weak 
correlations between reviewer confusion and the presence of AoCs, 
with most Pull Requests (PRs) retaining them after review. In prior 
work [25], we found no consistent link between AoCs and defect-
fxing activity in the PRs of six Java projects. In fact, some bug-fxing 
PRs introduced more AoCs than they removed. 

While early fndings supported the idea that AoCs negatively 
afect code quality [11], recent work reports mixed results [2, 22, 25]. 
This contrast highlights a gap in our understanding and motivates 
deeper empirical investigation into how developers interpret and 
respond to AoCs. In particular, prior experimental work has largely 
focused on novice populations, leaving open whether the impact 
of AoCs difers systematically with programming experience. We 
hypothesize that these contradictory fndings of past work may in 
part be explained by diferences in developer expertise. The study 
that we propose will evaluate this hypothesis. 

3 Research Questions and Hypotheses 
This experiment reinvestigates how the presence of AoCs afects the 
perception and repair of defective code, and whether programming 
experience moderates these efects, assessed through self-reported 
measures. We focus on the time developers take to read and repair 
defective code with and without AoCs, and their rankings of three 
similar repairs that difer in terms of the presence of AoCs. 

We set out to address two research questions, grounded in the 
assumption that experienced developers are more tolerant of syn-
tactic complexity and may prioritize maintainability, conciseness, 
or minimal edit. In contrast, less experienced developers may favour 
clearer, easier-to-read repairs. 
RQ1 Is the AoC efect on end-to-end debugging task time mod-

erated by programming experience? 
� 1�: Tasks containing an AoC will take longer to com-
plete than tasks without one [9, 10], with less experienced 
developers exhibiting larger increases in task time. 
� 1∅ : AoC presence does not afect task completion time, 
regardless of the amount of experience. 

RQ2 Is the AoC efect on the type of repair preferred moderated 
by programming experience? 
� 2�: Repair preference is afected by AoC presence [9, 10], 
with programming experience modifying the preference. 
� 2∅ : AoC presence does not infuence repair preference, 
regardless of the amount of experience. 

4 Study Design 
The study consists of two phases: a pre-screening questionnaire 
and a controlled experiment. Both phases will be conducted 
online using a custom web interface. All anonymized data will be 
released via Zenodo to support replication. 

4.1 Pre-screening Questionnaire 
The pre-screening questionnaire collects participant demographics 
and programming background to ensure that only qualifed par-
ticipants continue to the controlled experiment. There are three 
categories of questions (Table 1): (a) Qualifying questions, which 
are used to exclude participants who do not meet the inclusion 
criteria, (b) Programming experience question, used to retrieve 
the key covariate for analysis, and (c) Follow-up questions, used 
to support post-hoc interpretation or exploratory analyses. 
Qualifying Questions. Participants must meet specifc criteria to 
reduce variation caused by confounding factors and improve inter-
nal validity. These criteria were chosen based on prior empirical 
studies of code comprehension [5, 18]. 

To qualify for the experiment, participants must: 
• be profcient in English (to avoid misinterpretation due to 

language processing difculties); 
• have received a formal education in programming; and 
• have at least a year of professionalprogramming experience. 

These conditions are intended to flter out participants who 
might be confused by syntax, task framing, or language semantics 
unrelated to the manipulated presence of AoCs. 
Programming Experience Question. The key covariate in our 
study is participants’ self-reported years of experience program-
ming in Java. We operationalize this as a continuous variable, which 
allows us to investigate experience as a gradient rather than a binary 
(novice vs. expert) construct. 
Follow-up Questions. Although not used in the primary anal-
ysis, we collect additional background information such as code 
review frequency and approach to unfamiliar code. These may 
inform future exploratory analyses or help explain variability in 
comprehension strategies. 

4.2 Controlled Experiment 
In the second phase, participants complete eight tasks, four of which 
are associated with diferent types of AoCs, and four of which do 
not feature AoCs. The four types of AoC used are Conditional Op-
erator, Infx Operator Precedence, Pre Increment Decrement, and Type 
Conversion. They are selected since they are the most prevalent and 
are meaningfully modifed in more than one project in our study [25], 
implying that developers encounter and interact with them more often 
than the other types of AoC. 

For each task, we present a defective Java code snippet (15–25 
LOC), each containing a seeded defect that is independent of the 
AoC, allowing us to isolate the efect of AoC presence on task 
performance. We ask participants to identify the bug, after which 
we present three repairs and ask them to provide three rankings 
of the repairs: their preference, ease to read and understand, and 
ease to modify and refactor. The last two criteria serve as attention 
checks and provide exploratory analysis materials. Example tasks 
can be found in our online appendix [26]. We expect that each 
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Table 1: Pre-screening questionnaire items and their operationalization. 

Question Type Operationalization 

Category A. Qualifying Questions 

Q1. What is your level of profciency in English? Nominal Native, Very Profcient, Somewhat profcient, or not pro-
fcient. 

Q2. Have you received a formal education in programming? Binary Yes or No. 
Q3. How many years have you been programming Ordinal An integer between 0 and 100, inclusive. 
professionally? (numeric) 

Category B. Programming Experience Questions 

Q4. How many years have you been programming in Java? Ordinal An integer between 0 to 100, inclusive. 
(numeric) 

Category C. Follow-up Questions 

Q5. On a scale from 1 to 10, how do you estimate your Ordinal 1: very inexperienced to 10: very experienced. 
programming experience? (numeric) 
Q6. Which of the following best describes your current role in Nominal Software developer, QA engineer, DevOps engineer, re-
software development? searcher, or other. 
Q7. How many hours per week do you work on OSS projects on Ordinal A number between 0 and 168, inclusive. 
average? 
Q8. What programming languages have you used for more than Multiple Java, Kotlin, Python, C, C++, Rust, ..., and others. 
one year? choice 
Q9. How many years have you been programming in [each Ordinal An integer between 0 and 100, inclusive. 
programming language selected in Q9]? (numeric) 
Q10. How often do you perform code reviews? Ordinal Daily, Weekly, Monthly, Rarely, Never. 
Q11. Do you follow an explicit code style guide in some projects? Binary Yes or No. 
Q12. How do you usually approach understanding unfamiliar Nominal Refer to documentation, Test/debug the code, Discuss 
code? with colleagues, Read the code, or other. 
Q13. How much time do you typically spend reading code versus Ordinal Mostly reading, Balanced, or Mostly writing. 
writing it? 

task would take approximately 3–5 minutes for a developer with at 
least one year of Java experience. The tasks are domain-neutral and 
designed around general-purpose programming constructs (e.g., 
loops, conditionals, expressions), allowing us to isolate control- and 
data-fow efects independent of domain knowledge. 

We record the order in which each task is presented, allowing us 
to model potential fatigue or learning efects over the course of the 
session. Task order will be included as a covariate in our statistical 
models to control for systematic variation due to position and to 
explore whether comprehension behaviour shifts over time. 

Each of the three suggested repairs corrects the defect, but each 
has a unique property. Repair X removes the original AoC by rewrit-
ing the expression using more verbose logic. Repair Y retains the 
AoC, correcting only the functional error. Repair Z introduces dif-
ferent AoCs, yielding a shorter version compared to X and Y. 

The set of candidate repairs refects real-world refactoring trade-
ofs, where some developers may favour brevity while others pri-
oritize clarity and readability. To prevent arbitrary selection, par-
ticipants are required to describe the defect and rank the correct 
solutions according to preference and readability. 

Participants will perform tasks using a custom-built web interface 
that randomizes the order of tasks and repair options to mitigate 
order efects. The interface logs two primary behavioural outcomes: 

• The time taken to interpret and respond to each task (mea-
sured from snippet display to repair ranking); and 

• The repair ranked frst by the participant. 

No hard time limits are enforced; participants may proceed at 
their own pace. To prevent idle periods from infating task times, 
we will fag and exclude implausibly long durations (e.g., times ex-
ceeding several standard deviations above the task median). Results 
where the participants incorrectly identify the bug will not be ex-
cluded from analysis. Each task is self-contained and includes only 
the minimal code required to observe the efect of the manipulated 
AoC. After completing all of the tasks, participants are asked to 
justify their repair ranking. This will provide insight into whether 
developers prioritize clarity or brevity when repairing code. 

Each task contributes one observation. Since the same partici-
pant completes multiple tasks, those observations are more similar 
to each other than to observations from other participants. Likewise, 
diferent participants complete the same tasks, making observations 
from the same task more similar to each other than to observations 
from other tasks. To account for this non-independence, we include 
random intercepts for participants and tasks. We collect multiple 
observations per participant while modelling AoC efects individ-
ually rather than aggregating across tasks, refecting the distinct 
syntactic pattern and comprehension challenge each AoC presents. 
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4.3 Pilot Study 
Before full deployment, we will conduct a pilot study using conve-
nience sampling (e.g., labmates or colleagues within our research 
group), aiming to recruit at least ten participants. The pilot will 
help assess the clarity of task instructions, web interface function-
ality, logging accuracy, task timing, and the comprehensibility of 
code snippets. We will check for unintentional cues in the code 
that could bias participant rankings, especially given the syntactic 
subtlety of AoCs. If pilot results reveal unclear instructions, overly 
difcult tasks, or biased code presentation, we will revise or replace 
the afected items. Insights from the pilot will guide minor usability 
improvements, which will be documented transparently. No pilot 
data will be included in the fnal analysis. 

5 Participants 
The target population consists of experienced Java developers. Par-
ticipants will be recruited through professional networks, mailing 
lists, academic contacts, developer communities, and crowdsourc-
ing platforms. We will also leverage our industrial connections to 
reach a wide audience. To be eligible, participants must have at 
least one year of programming experience and consider themselves 
to be profcient in Java. They must also complete the pre-screening 
questionnaire. Participants who fail embedded attention checks, 
submit incomplete responses, or indicate no exposure to Java will 
be excluded from the analysis. 

Participants are expected to complete all eight tasks in a single 
session, although no time limit is imposed. Incentives will be ofered 
to participants who complete all tasks. For each task, we collect 
two primary behavioural outcomes: (1) the time taken to solve the 
task, and (2) the top-ranked repair from the three available options. 

The primary manipulated variable is the presence or absence 
of an AoC in each task. Programming experience is included as a 
continuous covariate (in years) to investigate potential moderation 
efects on task completion time and repair preference. 

Sample Size 
We estimated the required sample size using an approximate power 
analysis for a within-subject design [7, 19]. Each participant com-
pletes � = 8 tasks, with half containing an AoC. We follow recent 
fndings that suggest a 10 to 15 percent increase in comprehension 
time due to atoms of confusion [4, 5]. This corresponds to an ex-
pected log time efect of �1 = log(1.10 to 1.15) ≈ 0.10 to 0.14. Since 
we do not have pilot data, we assume a residual standard deviation 
of � = 0.40 and a within-subject correlation of � = 0.5. 

Under these assumptions, the efective number of independent 
observations per participant is 
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The standardized efect is � = �1/� ≈ 0.25. Detecting an efect 
of this magnitude with power 1 − � = 0.8 and � = 0.05 requires 

Allowing a slight margin for the interaction term, potential 
model complexity, and unexpected attrition, we target a sample 
size of 75 participants. 

For the multinomial choice analysis [6, 16], we assume a baseline 
probability of choosing the non-AoC repair of �1 = 3

1 . Treating as 
minimally relevant an odds ratio of OR = 1.6, the implied alternative 
probability is �2 = 9

4 ≈ 0.444 (Δ� ≈ 0.11). Using the Hsieh et al. 
approximation for logistic regression [16] with a two-sided � = 0.05 
and power 1 − � = 0.80 gives 

supporting a similar target of N ≈ 75 participants (≈ 600 observa-
tions total, power ≈ 0.8–0.85). 
Alternative Considerations and Final Decision. We considered 
expanding our models to include additional covariates (e.g., code 
review frequency or comprehension style). However, modelling 
multiple covariates or their interactions (e.g., 3 experience levels × 3 
behavioural categories) would substantially increase the required 
sample size. Preliminary estimates suggest such designs would 
require about 250 participants, which we consider to be infeasible. 

We also considered treating programming experience as a cate-
gorical variable (novice, intermediate, expert) to simplify interpre-
tation and relax linearity assumptions. For task completion time, 
an ANOVA power analysis [17] with large efect size (� = 0.4), 
� = 0.05, and 80% power requires about 66 participants. This is 
close to our target sample size, so if time permits, we will conduct 
an exploratory analysis using categorial programming experience. 

Given these trade-ofs, we retain a continuous formulation of 
programming experience as a covariate. This preserves statistical 
power under realistic sample sizes and allows fexible modelling 
(e.g., splines or robust regression) to capture potential non-linear 
efects without infating sample size requirements. 

We evaluated three realistic sampling scenarios: 

• Baseline power target: 75 participants (�2 approximation) 
• Fully powered MLR scenario: 187 participants (multino-

mial regression with a continuous covariate) 
• Pragmatic compromise: 80 participants (sufcient for 

task-level regressions and marginal MLR modelling) 

We therefore target a fnal sample size of 75 participants, bal-
ancing empirical rigour with recruitment feasibility. This sample 
size exceeds the requirements for linear mixed modelling under 
relaxed assumptions and approaches adequacy for repair preference 
modelling with a continuous covariate. 

If resources allow, data collection may continue up to 187 partici-
pants. If the fnal sample falls short, we will document this limitation 
and apply sensitivity analyses or bootstrapped confdence intervals 
to assess the robustness of our fndings. 

6 Analysis Plan 
This section outlines our statistical analysis for the two dependent 
variables: task completion time (DV1) and repair preference (DV2). 
We test our hypotheses using regression models appropriate to 
each outcome, incorporating participant-level random efects to 
account for repeated measures. 

4 

https://0.8�0.85
https://log(1.10


How Does Experience Influence Developer Perceptions of Atoms of Confusion? 

6.1 Task Completion Time (DV1) 
We model log-transformed completion time using a crossed random-
efects linear mixed model [3, 24]: 

log �� � = �0 + �1�� � + �2�� + �3 (�� � × �� ) + �� � . 

Here, �� � is the completion time for participant � on task � . �� � ∈ {0, 1}
indicates AoC presence (counterbalanced), �� is mean-centred expe-
rience, and �� � denotes random components defned in Section 6.3. 
Residuals will be inspected for normality and homoscedasticity. 
If substantial deviations are detected (e.g., strong skew or non-
linearity), we will apply appropriate alternative modelling strategies 
such as variance-stabilizing transformations or generalized linear 
mixed models. These adjustments will follow standard recommen-
dations for handling non-normal data in behavioural experiments. 

6.2 Repair Preference (DV2) 
The repair that is ranked frst (�� � ∈ {1, 2, 3}) is modelled using a 
mixed-efects multinomial logit [12, 13]: 

exp(�� �� )Pr(�� � =�) = Í3 , (1) 
�=1 exp(�� �� )

�� �� = �0� + �1��� � + �2��� + �3� (�� � ×�� ) + �� � . (2) 

Category �=1 (no-AoC repair) serves as the reference. �� � follows 
the random structure that we explain in Section 6.3. Fixed efects 
will be reported as odds ratios with 95% confdence intervals and 
marginal predicted probabilities by �� � and �� . Model ft will be 
evaluated using residual diagnostics and likelihood-ratio tests. If 
convergence issues occur, penalized likelihood (ridge or Firth) will 
be applied. If the full multinomial mixed model is infeasible, three 
one-vs-rest logistic regression models with cluster-robust standard 
errors and task fxed efects will be ft to check for robustness. 

6.3 Random Efects and Error Structure 
Both models include crossed random efects [1, 24] for participants 
and tasks: 

�� � = �� + �1� �� � + � � + �� � . 

Here, �� ∼N(0, �� 
2) is a participant intercept describing how par-

ticipant � difers from the overall average, �1� ∼ N(0, �� 
2
1) is a 

participant-specifc AoC slope describing how the AoC efect dif-
fers for participant � , � � ∼N(0, �� 

2) is a task intercept describing 
baseline diferences between tasks, and �� � ∼N(0, �2) is the residual 
error capturing remaining trial-level variability. An unstructured 
covariance allows correlation between participant intercepts and 
slopes. If convergence fails, the random slope term will be removed, 
yielding (1|participant) + (1|task). 

6.4 Covariates and Task Order 
We record task order as a covariate to account for fatigue or learning 
efects that may infuence task time. For exploratory purposes, we 
may pool responses across tasks to model aggregate trends in repair 
preference, although our primary analysis remains task-level. 

6.5 Exploratory Analyses 
We plan to explore whether self-reported code-reading habits, code 
review frequency, or preferred comprehension strategy correlate 
with task time or repair preference. These analyses will be labelled 

as exploratory and will not be used to draw confrmatory conclu-
sions. 

• Q5-7: We may substitute self-estimation of programming 
experience, current role, or work time on OSS for years of 
experience, or include them as additional predictors when 
modelling task time or repair preference. 

• Q8-9: Considering the participants’ experiences in other 
languages may ofer insight into how diversity in program-
ming language shapes comfort with diferent coding styles 
or syntactic conventions, particularly with AoCs. 

• Q10: Considering the frequency of code reviews may help 
inform post hoc exploration of whether review frequency 
relates to attention to stylistic clarity. 

• Q11: Knowing whether the participants follow explicit code 
style guides may help contextualize whether coding style 
aligns with certain repair preferences, such as preferring 
clearer or more formally structured code. 

• Q12: We may explore whether preferred comprehension 
strategies for understanding unfamiliar code correspond 
to task behaviour, such as time spent or interaction with 
diferent repair types. 

• Q13: The relative proportion of time spent reading versus 
writing code may clarify how reading-heavy workfows 
relate to sensitivity to syntactic features like AoCs. 

We will also report descriptive statistics for each task (e.g., aver-
age time, repair preference proportions) to contextualize diferences 
across AoCs. 

Any groupings derived post hoc (e.g., binning participants into 
experience tertiles) will be labelled as exploratory. These analyses 
will not support confrmatory claims and are intended solely for 
hypothesis generation or interpretation. 

7 Expected Outcomes and Interpretation 

7.1 Task Completion Time (RQ1) 
We expect that introducing AoCs into defective code will increase 
task completion time for most developers. However, this increase 
is expected to be smaller for more experienced developers. 

If the mixed-efects linear model reveals a consistent negative as-
sociation between programming experience and the AoC-induced 
time increase across tasks, this will support � 1�. Conversely, in-
consistent or null efects will support the null hypothesis (� 1∅ ). 

7.2 Repair Preference (RQ2) 
We expect repair preferences to vary with programming experience: 

• More experienced developers may prefer concise repairs, 
even when they retain additional AoCs. 

• Less experienced developers may favour longer, clearer 
repairs that remove potentially confusing constructs. 

If the mixed-efects multinomial regression shows that the prob-
ability of selecting a repair containing more AoCs increases with 
experience (relative to the no-AoC repair), this will support � 2�. 
If no signifcant trend emerges, or the no-AoC repair is equally pre-
ferred across experience levels, the null hypothesis will be retained. 
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Alternative Interpretations and Null Results 
If neither dependent variable is signifcantly associated with expe-
rience, several interpretations are possible: 

• Developers may not perceive AoCs as sufciently confusing 
to afect task completion time or repair preference. 

• Diferences between repair options may be too subtle to 
elicit consistent behavioural changes. 

• Other factors, such as individual reasoning strategies or 
task-specifc context, may play a stronger role than experi-
ence. 

Null results will be interpreted cautiously. Exploratory follow-up 
analyses will be conducted to generate hypotheses for future work. 
Our goal is not to generalize across all potentially confusing code 
patterns, but to clarify the role of programming experience in how 
confusion is recognized and resolved during code comprehension. 

8 Threats to Validity 
We outline potential threats that may infuence the interpretation 
of our fndings and describe the steps taken to mitigate them. 

8.1 Internal Validity 
Fatigue and learning efects. Participants will complete eight 
tasks in a single session, which may induce fatigue or learning 
efects. We mitigate these by randomizing task order and allow-
ing participants to proceed at their own pace. Task order will be 
recorded and included as a covariate, and implausibly fast or slow 
responses will be examined and excluded if necessary. 
Instrumentation bias. All participants will use the same web-
based interface, which controls code presentation and logs interac-
tion times consistently. Timing is captured via client-side JavaScript 
events to ensure accuracy across participants. 
Use of generative AI tools. We will instruct participants not to 
use artifcial intelligence tools during the tasks; we will emphasize 
that the study is intended to measure individual performance. In 
addition, we will (1) require participants to close external tools, 
(2) disable copy–paste in the task interface to discourage external 
queries, and (3) monitor completion-time distributions and response 
patterns for anomalies. We acknowledge that perfect enforcement 
is not possible, but these measures reduce the likelihood of AI 
assistance and allow us to detect suspicious cases post hoc. 

8.2 Construct Validity 
Programming experience measurement. Years of programming 
in Java is used as a proxy for experience. Although common in em-
pirical software engineering, this measure may not capture depth or 
quality of experience. Eligibility flters and exploratory covariates, 
such as code review frequency and reading habits, help mitigate 
this limitation. 
Task realism. Tasks are short and synthetic to isolate specifc 
AoCs, which improves experimental control but may limit ecologi-
cal realism. Similar task designs have been successfully applied in 
prior controlled studies [5, 10, 18]. 
Repeated measures bias. Each participant completes multiple 
tasks, which may introduce intra-individual dependencies. While 
each task targets a distinct AoC and is modelled independently in 

primary analyses, we will also conduct robustness checks using 
mixed-efects models with participant-level random intercepts. 
False positives in non-defective code. All tasks in this study 
contain a defect that participants are expected to identify. Thus, 
the design does not measure whether AoCs may also induce false 
positives in non-defective code (e.g., suspecting bugs where none 
exist or proposing unnecessary changes). Examining this efect 
would require adding non-defective code snippets and substantially 
increasing the number of tasks to maintain balance, which would 
lengthen the study and alter feasibility and statistical power relative 
to the existing design. We therefore do not include this dimension 
here and leave it to follow-up work using a complementary design. 

8.3 External Validity 
Generalizability. Inclusion criteria may bias the sample toward 
educated, Java-profcient developers. We do not claim that results 
generalize to developers with diferent backgrounds, languages, 
or experience levels. Future replications can expand eligibility to 
evaluate trends across broader populations. 
Ecological validity. Real-world comprehension occurs in richer 
contexts (IDE, version control, documentation, and LLM-based 
agencies). This experiment captures isolated comprehension episodes, 
which is appropriate for detecting fne-grained efects of syntactic 
patterns like AoCs. 

8.4 Conclusion Validity 
We use appropriate statistical models for each dependent variable 
and justify our sample size with formal power analyses and realis-
tic constraints. Model assumptions will be verifed, and alternative 
methods applied as needed. Confrmatory analyses are clearly dis-
tinguished from exploratory analyses. 

9 Conclusion 
This registered report describes a two-part confrmatory study 
examining how programming experience infuences the compre-
hension and repair evaluation of code containing Atoms of Con-
fusion (AoCs). We combine a pre-screening questionnaire with a 
within-subject task-based experiment that measures task comple-
tion time and repair preference. 

Our hypotheses test whether more experienced developers com-
plete tasks faster and are more tolerant of AoCs, whereas less experi-
enced developers may prioritize readability over brevity. Task-level 
linear mixed-efects regression and mixed-efects multinomial lo-
gistic regression will be used to evaluate these hypotheses. 

By focusing on syntactically isolated yet semantically realistic 
code examples drawn from patterns commonly seen in software 
repositories, this study aims to clarify how AoCs interact with pro-
gramming experience. The results may strengthen repository-based 
readability assessments and support tools and practices that iden-
tify or refactor potentially confusing code with greater awareness 
of developer background. 

Ethics Statement 
We will apply for approval from the University of Waterloo Research 
Ethics Committee after we fnalize the experiment design. 
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