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Abstract

Al-based coding agents are increasingly integrated into software de-
velopment workflows, collaborating with developers to create pull
requests (PRs). Despite their growing adoption, the role of human-
agent collaboration in software testing remains poorly understood.
This paper presents an empirical study of 6,582 human-agent PRs
(HAPRs) and 3,122 human PRs (HPRs) from the AIDEv dataset.
We compare HAPRs and HPRs along three dimensions: (i) testing
frequency and extent, (ii) types of testing-related changes (code-and-
test co-evolution vs. test-focused), and (iii) testing quality, measured
by test smells. Our findings reveal that, although the likelihood
of including tests is comparable (42.9% for HAPRs vs. 40.0% for
HPRs), HAPRs exhibit a larger extent of testing, nearly doubling
the test-to-source line ratio found in HPRs. While test-focused task
distributions are comparable, HAPRs are more likely to add new
tests during co-evolution (OR = 1.79), whereas HPRs prioritize mod-
ifying existing tests. Finally, although some test smell categories
differ statistically, negligible effect sizes suggest no meaningful dif-
ferences in quality. These insights provide the first characterization
of how human-agent collaboration shapes testing practices.

CCS Concepts

« Software and its engineering — Software testing and analy-
sis; Collaboration in software development; Empirical software
engineering; Software evolution.
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1 Introduction

Al-based coding agents are transforming software engineering by
enabling human-agent collaboration throughout the development
lifecycle [29, 26, 3, 13, 9, 10]. These agents are increasingly in-
tegrated at the pull request (PR) level to perform complex tasks,
including feature implementation, debugging, and testing [23]. As
agents become core participants in development, characterizing
their testing contributions is crucial for ensuring software quality
and reliability. However, current research on agent-based testing
often focuses on isolated code generation tasks or specific program-
ming languages [2, 18], overlooking organic development contexts
where production and test code co-evolve. While broader studies ex-
amine agent adoption across diverse development tasks [30, 25, 6],
they rarely prioritize testing, leaving a fragmented understanding
of how human-agent collaboration shapes testing practices.

To address this gap, we present a large-scale empirical study of
software testing in PRs featuring collaboration between human de-
velopers and Al-based coding agents (HAPRs) versus PRs primarily
contributed by human developers (HPRs). We structure our study
around three Research Questions (RQs):

RQ;: Arethere differences between HAPRs and HPRs in the frequency
and extent of testing contributions?

RQ,: How do the development contexts in which testing contributions
appear compare between HAPRs and HPRs?

RQs3: How does test quality, as reflected by test smells, compare
between HAPRs and HPRs?

To answer these questions, we analyze 6,582 HAPRs and 3,122

HPRs from the AIDEV dataset [23], spanning four programming
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languages (Java, JavaScript, Python, and TypeScript) and five ma-
jor coding agents (Copex, CLAUDE CobpE, CopiLOoT, DEVIN, and
CursoR). We characterize these PRs along three interconnected
dimensions that provide a holistic view of human-agent collabo-
rative testing. First, we evaluate testing frequency and extent to
determine if agents contribute a volume of test code comparable
to HPRs. Second, we examine the development contexts, distin-
guishing between co-evolution and test-focused tasks, to determine
whether the collaboration is primarily focused on test additions or
if it also extends to more complex maintenance tasks. Third, we
assess testing quality via test smells to ensure that the collaborative
effort does not introduce low-quality test code that could hinder
long-term maintainability.

Our findings suggest that while human-agent testing practices
are largely aligned with traditional workflows, the synergy between
developers and agents enables more extensive testing contributions
without a corresponding drop in quality. These results provide a
foundation for developers to optimize agent integration and for
researchers to explore the potential of human-agent collaborative
testing. To support the validation and extension of our work, we
provide a publicly available replication package [24].

2 Data Preparation

For our study, we used the AIDEV dataset (version 3) [22], which
provides 932,791 HAPRs and 6,618 HPRs from 116,211 GitHub repos-
itories. Since the dataset includes HPRs only for repositories with at
least 500 stars, we applied the same filter to HAPRs to ensure con-
sistent comparison. We also excluded PRs without changes, leaving
us with 12,319 HAPRs and 6,521 HPRs from 1,473 repositories.

Language Filtering. We narrowed our scope to four widely used
programming languages: Java, JavaScript, Python, and TypeScript.
These languages were selected for three reasons: (i) their popu-
larity in industry [7] and open-source communities [15]; (ii) the
availability of standard testing frameworks [11], which facilitates
the identification of test files; and (iii) the availability of test smell
detection tools to support our analysis. We used unidiff [5] to an-
alyze the raw PR diffs retrieved from GitHub (e.g., [8]) and identify
all changed files. For each PR, we retrieved file contents from the
PR head commit or, in the case of removed files, from the parent
of the deletion commit. We then used LINGUIST [14] to detect the
programming language of each file. After this filtering step, our
derived dataset included 6,582 HAPRs and 3,122 HPRs.

Test File Identification. We developed language-specific heuris-
tics to distinguish between test and source code files. Unlike most
studies [20, 32], which primarily check for the “test” keyword in
filenames, Gonzalez et al. [16] proposed using content-specific con-
structs as more reliable indicators. Inspired by this, we manually
analyzed a sample of 370 PRs, stratified by language (95% confidence
level, CL, and 5% margin of error, ME), from our dataset to derive
language-specific heuristics. Each PR was independently reviewed
by two authors who are PhD students with at least 3 years of expe-
rience in software engineering tasks. They identified test markers
based on three aspects: (i) File Paths to capture directory and naming
conventions, (ii) Import Statements to identify testing frameworks
imported in test files, and (iii) Code Keywords to consider syntactic
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Table 1: Testing frequency and extent in HAPRs and HPRs.

Group ‘ Count ‘ Ratio
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TPR TF TLoC Setting &~ =~ &~
All PRs 0.429 0.204 0.327
HAPRs ‘ 2,821 ‘ 9,574 ‘ 1,158,302 ‘ Test PRs ‘ ‘ 0301 ‘ 0.400
HPRs ‘ ‘ ‘ 0.185

11248‘ 81365‘ 471,409 All PRs ‘ 0.4{00‘ 0.194

Test PRs 0.255

markers such as annotations, methods, and assertions. We imple-
mented the heuristics and evaluated them on a second stratified
sample of 370 PRs. Two authors independently labeled it, achieving
a Cohen’s kappa of 0.81, indicating almost perfect agreement [21],
while disagreements were resolved through discussion. The results
show high accuracy in test file identification, with a precision of
0.988, a recall of 0.982, and an F-score of 0.985. Qualitative analy-
sis revealed that the few misclassifications occurred in borderline
cases. False positives involved source code used for testing other
codebases (e.g., [4]), while false negatives were limited to custom
tests that lacked standard patterns (e.g., [27]).

Final Dataset. This data preparation process led to a dataset [24]
containing 6,582 HAPRs and 3,122 HPRs. 2,821 out of 6,582 HAPRs
and 1,248 out of 3,122 HPRs contain test files. The total number of
test files is 17,939, and the total number of changed files across all
the PRs in the dataset is 64,542.

3 Empirical Study

In this section, we present the methodology and findings for our
three research questions, exploring the frequency, context, and
quality of testing contributions in HAPRs and HPRs.

3.1 RQq: Frequency and Extent of Testing

In RQ;, we compare the contributions appearing in HAPRs and
HPRs to assess whether human-agent collaboration affects the like-
lihood of including tests and the extent of testing-related changes.

Methodology. We organized our analysis across three levels: PRs,
changed files, and changed lines of code. The PR level captures
testing frequency by assessing how often test code is included, while
the file and line levels capture testing extent by measuring how
much test code is included. To quantify these aspects, we defined
two metrics: Count and Ratio. At the PR level, we measured the
number of test PRs (TPR) and their ratio to all PRs (TPR/PR). At the
file and line levels, we measured the number of test files (TF) and test
lines of code (TLoC), along with their ratios to total changed files
and lines (TF/F and TLoC/LoC). In the last two cases, we calculated
the ratios against both all PRs (All PRs setting) and the subset of
test PRs (Test PRs setting). This allowed us to understand the extent
of testing in general and whether it differs between HAPRs and
HPRs when tests are included. To assess statistical significance, we
applied different tests based on the type of data. At the PR level, we
used the chi-squared (y?) test at a significance level of & = 0.05 [12]
to compare the two groups. Then, we used the odds ratio (OR)
to measure the effect size [1]. At the file and lines of code levels,
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we first computed the ratio of test files and test lines to the total
number of changed files and lines for each PR. This resulted in a
distribution of values for HAPRs and HPRs, rather than aggregate
ratios. Since these distributions were non-normal, as confirmed by
the Anderson-Darling test [34], we used the Mann-Whitney U test
to compare them at a significance level of « = 0.05. Then, we used
Cliff’s delta (§) to measure the magnitude [19] and interpreted it
according to the thresholds proposed by Vargha and Delaney [33].

Findings. Table 1 summarizes the results. In terms of testing fre-
quency, HAPRs include test code slightly more often than HPRs
(42.9% versus 40.0%). Although this difference is statistically sig-
nificant (p = 0.008), the odds ratio (OR = 1.13) is close to one,
suggesting that the difference is minimal. When considering the
extent of testing, HAPRs demonstrate higher ratios at both the file
(0.204 versus 0.194) and the line (0.327 versus 0.185) levels. These
differences are statistically significant (p < 0.001), though the mag-
nitude is negligible (§fie = 0.054, §jine = 0.053). In contrast, the
differences become more evident in the Test PRs setting, where
HAPRs demonstrate a greater extent of testing at both the file
(0.301 versus 0.255) and the line (0.400 versus 0.232) levels. These
differences are statistically significant (p < 0.001) with small effect
sizes (8file = 0.147, 8jine = 0.142). While the line ratio is nearly
double for HAPRs, similar Cliff’s delta values indicate that the like-
lihood of an HAPR having a higher test ratio than an HPR remains
consistent across the file and line levels.

Answer to RQq: HAPRs and HPRs are similarly likely to include
test-related changes, indicating comparable testing frequency. How-
ever, when tests are present, HAPRs tend to include a larger propor-
tion of test-related files and lines of code, reflecting more extensive
testing contributions than those observed in HPRs.

3.2 RQ: Type and Context of Testing

In RQ;, we examine the development contexts in which testing
contributions appear to understand whether human-agent collabo-
ration influences where testing work is concentrated within PRs.

Methodology. We manually analyzed a statistically significant
stratified sample of 339 test HAPRs and 294 test HPRs (95% CL,
5% ME). We categorized test development contexts following Zaid-
man et al. [35]: the co-evolution context (COC) involves changes
to both production and test code, while the test-focused context
(TFC) includes changes to test code only. We also considered the
test evolution tasks proposed by Pinto et al. [28] based on the type
of change applied to test files: addition (Add), modification (Mod),
and deletion (Del). Combining these contexts and tasks yields six
distinct categories. Following a double-coding process, two authors
independently reviewed and categorized each PR, assigning all ap-
plicable labels and resolving any disagreements through discussion.
We use the Count and Ratio metrics to quantify how frequently the
contributions in each category are. To assess the statistical signifi-
cance, we used the chi-squared (y?) test [1] at a significance level of
a = 0.05 [12] to compare the two groups in each scenario. Since we
performed multiple comparisons with the same sample, we adjusted
the p-values using the Holm-Bonferroni correction [17]. Finally,
we used the odds ratio (OR) to measure the effect size [1].
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Table 2: Testing type metrics in HAPRs and HPRs under co-
evolution (COC) and test-focused (TFC) contexts.

\ coc \ TFC
Group

| Add | Mod | Del | Total | Add | Mod | Del | Total
HAPRs § 232 3 269 3 69
HPRs 8 161 128 14 237 1 59
HAPRs 2 0.684 0.206 0.009 0.794 0.091 0.127 0.009 0.204
HPRs I~ 0.548 0.435 0.048 0.806 0.048 0.160 0.003 0.201

Findings. Table 2 summarizes the metrics. The distribution of
testing contexts is remarkably consistent between HAPRs and HPRs.
Specifically, test-and-code co-evolution is significantly more fre-
quent than test-focused tasks, with an 80/20 distribution. However,
specific testing tasks reveal a different trend. During co-evolution,
HAPRs are more likely to include new tests (68.4% versus 54.8%).
This difference is significant (p = 0.003), with a moderate effect size
(OR =1.79). Conversely, HPRs are significantly more involved in
maintaining and refactoring existing tests (43.5% versus 20.6% for
modifications and 4.8% versus 0.9% for deletions). Both differences
are statistically significant (pcocmod < 0.001, pcocper = 0.023),
and the odds ratios indicate substantial and strong effects for mod-
ifications and deletions (ORcocpod = 0.34, ORcocper = 0.18), re-
spectively. In contrast, no statistically significant differences were
observed in test-focused contexts (p > 0.05 for all tasks).

Answer to RQ;: Testing contributions in HAPRs and HPRs ap-
pear in similar development contexts, with both predominantly
occurring in code-and-test co-evolution rather than test-focused
settings. However, within co-evolutionary contexts, HAPRs more
frequently introduce new tests, whereas HPRs more often involve
the modification or deletion of existing test code.

3.3 RQj: Test Smells

In RQs, we compare the testing quality of test code introduced in
HAPRs and HPRs, as reflected by the presence of test smells, to
assess if human-agent collaboration influences the quality of tests.

Methodology. We analyzed the presence of test smells in both
HAPRs and HPRs. For each test PR in our dataset, we analyzed test
files in the states before and after each PR using ARomaDR [31],
a language-independent tool capable of detecting ten common
test smells reported in Table 3. To quantify the impact of these
changes, we introduced the Smell Delta metric, which measures
the difference in the total count of test smells between the pre-
and post-PR states. This allowed us to assess the extent to which
agents and human authors affect the quality of the test code. To
assess statistical significance, we compared the distributions of
smell deltas for both groups using the Mann-Whitney U test [19] at
a significance level of & = 0.05 [12]. Finally, we used Cliff’s delta (5)
to measure the magnitude of the difference [19] and interpreted it
according to the thresholds proposed by Vargha and Delaney [33].

Findings. Table 3 summarizes the smell distribution across the
considered categories for both HAPRs and HPRs. Across nearly
all test smell categories, HAPRs show substantially larger stan-
dard deviations and more extreme minimum and maximum values
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Table 3: Smell Delta (head vs. base) in HAPRs and HPRs.

Test Smell | Group | MeanA | MinA | MaxA | StdDev
Assertion Roulett HAPRs 8.043 -2353 1525 72.928
sertion Roulette HPRs 7.698 -330 1232 53333
o HAPRs 1.846 -459 2686 52.996
Conditional Test ‘ HPRs ‘ 0.534 ‘ -58 ‘ 64 ‘ 4.459
) HAPRs 0.388 -18 86 3.149
Duplicate Assert ‘ HPRs ‘ 0.372 ‘ -60 ‘ 91 ‘ 4.784
S HAPRs -0.038 -168 33 3.309
ply es HPRs 0.002 -32 20 1116

) ) HAPRs 0.504 -188 639 13.031
Exception Handling ‘ HPRs ‘ 0.271 ‘ 12 ‘ 29 ‘ 1771
Inored Test HAPRs 1.607 -917 467 23124
& HPRs 0.153 -8 66 2.441
) HAPRs 1.607 917 467 23124
Magic Number Test ‘ HPRs ‘ 1.650 ‘ 76 ‘ 336 ‘ 13.269
) HAPRs 0.062 -153 61 3.463

Redundant Print ‘ HPRs ‘ 0.063 ‘ -7 ‘ 9 ‘ 0.623
Sleeny Test HAPRs 0.076 -62 51 1.879
4 HPRs 0.008 -13 10 0.682
HAPRs 4148 -301 7624 | 148252

Unknown Test ‘ HPRs ‘ 1926 ‘ -4 ‘ 9 ‘ 2306

compared to HPRs. This suggests that changes derived from human-
agent collaboration tend to be less stable and more heterogeneous:
while some HAPRs introduce few or no smells, others introduce or
remove a very large number of smells. For several categories, most
notably Assertion Roulette and Magic Number Test, both HAPRs and
HPRs show positive mean deltas. This suggests that these smells are
structural issues in test writing, rather than being specific to coding
agents. When considering statistical significance, a few smell cate-
gories (Assertion Roulette, Conditional Test, Magic Number Test and
UnknownTest) appear statistically different between HAPRs and
HPRs; however, in all cases, the effect sizes are negligible, indicating
that these differences are not practically meaningful.

Answer to RQ3: Test quality, as reflected by test smells, is largely
comparable between HAPRs and HPRs. Although a few test smell
categories show statistically significant differences, the associated
effect sizes are negligible, indicating no practically meaningful
differences attributable to human-agent collaboration.

4 Threats to Validity

Construct Validity. The heuristic-based identification of test files
may result in misclassifications. We mitigate this risk by developing
the heuristics through extensive manual analysis of a statistically
significant sample of PRs.

Internal Validity. Observed differences between HAPRs and HPRs
may be influenced by uncontrolled factors, such as developer ex-
pertise or the nature of the addressed issues. While these factors
cannot be fully controlled in an observational study, this threat is
partially mitigated by analyzing real-world PRs that reflect authen-
tic software development practices rather than artificial settings.
External Validity. The findings of this study may not fully gener-
alize to all programming languages or coding agents. We mitigate
this threat by focusing on widely used programming languages
and widely adopted coding agents, as well as on real-world GitHub
projects with substantial community engagement.

Milanese et al.

5 Related Work

A few studies have focused on the quality of tests generated by
coding assistants. Alves et al. [2] analyzed test smells in Python
test code generated by Copilot, assessing the maintainability of
generated tests independently of source code changes. Joshi and
Band [18] explored the use of Copilot to generate tests for existing
projects and compared the generated tests against manually written
tests. While these studies provide valuable insights into the charac-
teristics of agent-generated tests, they primarily consider testing as
a standalone activity applied to already implemented functionality,
rather than as part of an integrated development process.

Beyond test-specific studies, growing work explores coding agents
across broader software development tasks. Sergeyuk et al. [30]
examined how coding agents are adopted in practice, focusing on
developer perceptions, usage patterns, and organizational implica-
tions. Nikolaidis et al. [25] compared the effectiveness of ChatGPT
and Copilot in generating Python code, evaluating quality and cor-
rectness. Butler et al. [6] conducted a controlled trial to assess the
impact of generative Al coding tools in real workplace settings,
highlighting productivity and behavioral effects. These studies do
not focus primarily on testing, nor do they analyze how testing is
distributed or shaped in collaborative human-agent workflows.

6 Conclusion

This paper compares testing contributions in 6,582 human-agent
PRs (HAPRs) and 3,122 human PRs (HPRs). Our analysis reveals
that while both groups incorporate testing at similar rates, HAPRs
nearly double the ratio of test code added. However, the nature
of these contributions differs: HAPRs predominantly introduce
new tests during code-and-test co-evolution, whereas HPRs focus
more on modifying and maintaining existing test suites. Despite
the significantly higher volume of test code in HAPRs, we find no
meaningful difference in quality as measured by test smells.

These findings have several implications for the future of Al-
assisted software engineering. First, they provide empirical evi-
dence that human-agent synergy can significantly scale testing
volume while maintaining a level of quality comparable to that of
human-authored tests. Second, the systematic shift toward "addition
over maintenance” in co-evolutionary contexts highlights a poten-
tial risk in collaboration workflows: a bias toward expanding test
suites rather than evolving them. This suggests that while agents
are effective for generating new tests, human developers must re-
main vigilant in directing agents toward refactoring and updating
legacy tests to prevent suite bloating and ensure long-term main-
tainability. Future work should investigate whether human-agent
collaboration would benefit from shifting emphasis toward main-
taining and evolving existing tests rather than primarily adding
new tests. In addition, future studies should assess the effectiveness
of tests produced in HAPRs using test coverage and fault-detection
capability. Together, these directions can help refine the role of
coding agents and inform best practices for Al-assisted software
development.
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