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Abstract—Al coding agents increasingly submit complete pull
requests (PRs) with minimal human intervention, shifting soft-
ware development from Al-assisted to autonomous workflows.
As these agents become more prevalent, ensuring the code they
generate is adequately tested, by existing tests or by tests the
agents write, is critical to preventing regressions, yet little is
known about testing in agentic PRs. To address this gap, we
analyze 4882 agent-generated PRs from the AIDev dataset (532
Java and 4350 Python PRs) produced by five coding agents. We
study (i) how often agents include test changes and (ii) how
well covered are code changes by existing and agent-written
tests. Agents include test changes in only 49.6% of PRs that
change code under test files. Existing tests provide an incomplete
safety net: they cover 61.5% of agents’ changed executable
lines in Java and only 27.0% in Python, where 64.8% of PRs
have no changed line executed by any existing test. Agent-
written tests improve coverage over existing tests, but only
in a minority of PRs: 35.9% of Java and 22.5% of Python
Code + Tests PRs show a coverage gain. Across both languages,
error-handling constructs (e.g., try and catch blocks) are the
most consistently under-tested, with miss rates reaching 86.0%
in Java and 81.0% in Python. These findings motivate coverage-
aware development practices, coverage feedback loops for coding
agents, and evaluation benchmarks that measure test quality to
better help agents reliably test their own code.

Index Terms—AI coding agents, test coverage, pull requests,
software testing, empirical study

I. INTRODUCTION

The emergence of autonomous Al coding agents marks a
paradigm shift in software engineering practices [|1]. As agents
autonomously carry out software development tasks at scale,
ensuring the quality of generated code is becoming a notable
bottleneck, which raises fundamental questions about software
quality assurance practices, particularly regarding testing.

Testing serves as one of the most important tools for verify-
ing functional correctness and preventing regressions [2[]—[6].
However, how well tested the code introduced by autonomous
coding agents is remains unknown. Agent-introduced changes
can be exercised by two sources of tests: the project’s existing
tests, or tests the agent writes alongside its changes. Neither
source has been evaluated in practice: benchmarks like SWE-
bench [[7] assess agents’ ability to resolve issues by passing
existing tests, but do not measure whether those tests exercise
the code agents introduce, nor whether agents create adequate
tests for their new functionality. Prior research on Al-based test
generation does assess test adequacy, demonstrating that Large
Language Models (LLMs) [8] can produce syntactically valid
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tests [9], [10] and achieve reasonable code coverage when
guided by appropriate prompting strategies [[11f], [12]. E.g.,
Meta’s TestGen-LLM [13]] and benchmarks, such as SWT-
Bench [14], have shown promise in augmenting existing tests
with LLM-generated tests that improve coverage or reproduce
bugs. However, these studies evaluate settings where Al is ex-
plicitly instructed to generate tests. Such controlled evaluations
do not reveal how well agents test their own changes when
operating autonomously.

Recent empirical studies of agentic coding reveal con-
cerning patterns: agents often prioritize functional code over
comprehensive testing, and nearly one-third of merged agent-
generated pull requests (PRs) require subsequent bug fixes
or refactoring [[15]. Similarly, surveys indicate that while
developers use Al assistants for test generation, developers
also express skepticism about the quality and coverage of Al-
generated tests [16]]. These findings suggest that while agents
can generate tests on demand, they may neglect to test the
new code paths introduced during autonomous development.

This disconnect has substantial implications for software
maintenance. When agents introduce untested code paths, they
create technical debt [[17]—[19] that accumulates silently until
regression failures emerge in production [20]. Understanding
how agents currently approach testing and where they fall short
is essential for establishing quality gates in Al-augmented
development pipelines and for guiding the evolution of more
testing-conscious agents.

In this paper, we present emerging results from an empirical
analysis into how well-tested code generated by Al agents is in
practice. We analyze 532 Java and 4350 Python pull requests
from the AIDev dataset [1]], spanning five prominent Al coding
agents. Our analysis addresses two main research questions:
RQ;: How often do agentic PRs contain test code changes?
This RQ establishes a baseline of testing behavior. When
agents create pull requests, do they include test changes
(adding new/modifying existing tests) alongside code changes?
We classify PRs into three categories: those that change both
code under test and ftest files, those that change only code
under test, and those that change only test files. Findings for
this RQ show the “broad strokes” of agentic behavior.

RQ-: What is the test coverage of code changes in agentic
PRs? Beyond presence, we assess test effectiveness through
coverage analysis, across two sources of tests:

RQ., (Coverage by existing tests): What is the coverage of
agent-written code for existing tests? We analyze all merged
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PRs that change code under test, i.e., both Code-Under-Test-
Only and Code + Tests PRs. For the latter source, we measure
coverage with the agent’s test changes removed.

RQ2; (Coverage gain by agent-written tests): What is the
coverage gain of agent-written code when agent-written tests
are combined with existing tests? We analyze Code + Tests
PRs, comparing coverage with and without the agent’s test
changes. High gains indicate targeted, effective tests; low gains
expose superficial testing.

Our analysis reveals four main findings: (i) 50.4% of agentic
PRs that modify code under test include no test changes at all.
(i1) Existing tests do not fully cover agent-written code: only
61.5% of agents’ changed executable lines in Java and 27.0%
in Python are covered, and 64.8% of Python PRs have none of
their changed lines executed by any existing test. (iii) Agent-
written tests significantly improve coverage of the agents’
changes on average (+15.6 pp in Java, +9.6 pp in Python) over
existing tests, but the gains are concentrated in a minority of
PRs: only 35.9% of Java and 22.5% of Python Code + Tests
PRs show any gain. (iv) Error-handling constructs are under-
tested in both languages, with miss rates of 86.0% in Java and
81.0% in Python. Our results provide actionable insights for
practitioners integrating Al agents into their workflows and
for improving agent capabilities (Section [V)). Our results also
illustrate notable shortcomings related to the “tested-ness” of
agent generated code, signaling the need for new research that
enable agents to better check and test their work.

This paper makes the following contributions:

o The first cross-language empirical study of testing behav-
ior in real-world agentic PRs, spanning 4882 PRs across
five Al coding agents and two languages.

o A coverage analysis of agent-generated code for existing
tests and existing tests combined with agent-written tests.

o Identification of specific weak spots in agentic
testing—error-handling constructs in both languages and
Python’s near-zero existing-test fallback—that point to
concrete priorities for future agent design and continuous
integration (CI) gating.

o A publicly available dataset [21]], [22]] of PR patches, test-
only patches, coverage reports, and added lines labeled
by syntactic construct (e.g., Assignment, Return,
Try-Catch) to support future research.

II. DATASET

Java (1278) and Python (7191) PRs are taken from the
AlDeyv dataset version 3 [|1], spanning five agents across twelve
conventional commit categories. Codex is the most popular
agent in both languages, contributing 1018 Java and 5209
Python PRs; Copilot, Cursor, Claude Code, and Devin con-
tribute the remainder. The category mix differs by language:
Java is documentation-heavy (does 504, £ix 277, test 210,
feat 180, refactor 53, chore 17, build 16), while Python
is feature-heavy (feat 2315, £fix 1802, doecs 1376, test
449, refactor 438, build 300, ci 214, chore 202, style
46, perf 41, other 6, revert 2). To answer our RQs, we
apply two filters to isolate PRs that modify executable code.

First, we retain PRs that change at least one .java or .py file.
Second, we parse the changed files with tree-sitter [23]] and
discard PRs whose modifications fall entirely within comments
or docstrings. These filters yield 532 Java PRs across 68
repositories and 4350 Python PRs across 448 repositories,
which we use for RQ;. For the coverage analysis in RQa,
we consider only merged PRs from repositories with at least
10 agentic PRs, discarding projects and repositories with too
few agentic PRs to analyze reliably. This filter retains 14 Java
and 55 Python repositories. The number of PRs used in RQ;
is further discussed in Section

III. METHODOLOGY
A. Artifact Generation

PR patch. The AlDev dataset does not provide PR-
level patches. We cloned each repository locally and recon-
structed the unified diff for every PR using its base and
head SHAs (git diff <base>..<head>), yielding a self-
contained patch per PR.

Extracting test-only code from the patches. From each
PR patch, we extract the changes corresponding to test files.
The test-only patch enables us to remove those tests selectively
during coverage measurement.

PR-level coverage. For each PR, we execute the repos-
itory’s entire test suite, collecting line coverage with Ja-
CoCo [24] for Java and pytest-cov [25] for Python. Of
the repositories in the coverage subset (Section II), 10 of the
14 Java and 34 of the 55 Python repositories could be built
and instrumented, yielding coverage results for 213 of the 532
Java PRs and 1664 of the 4350 Python PRs.

PR-level coverage (without tests). For each PR with a
non-empty test-only patch, we reverse-apply the test-only
patch (git apply -R) on the PR’s <head> commit and
re-run the suite. The difference between the two runs isolates
the coverage contributed by agent-written tests. This paired
analysis is applicable to the 64 Java and 605 Python PRs
(of the 213 and 1664 merged PRs with coverage results)
that contain test changes; the remaining 149 Java and 1059
Python PRs modify only code under test and are analyzed
with developer’s existing tests.

Identifying added code under test lines. For each PR
patch, we record, for every code under test file, the line
numbers of all added (+) lines as they appear in the head-
commit version of the file. Test files are excluded by di-
rectory (test/tests) and by language-specific filename
conventions: JUnit/Spring/Failsafe patterns (xTest, *Tests,
*TestCase, Test*, *IT, *ITCase) for Java, and PyTest/unit
test patterns (test_=*.py, *_test.py) for Python.

Classifying added lines. For each PR, we snapshot every
code under test file at the PR’s head commit and parse it
with sreml —-position [26]. Following Zhu et al. [27],
each added line is assigned the local tag of the deepest srcML
element whose position range encloses its trimmed content
(e.g., Assignment, If, Return). This typed inventory of
added lines lets us characterize which syntactic constructs
agents systematically leave untested.



B. RQ;: Classifying Test Behavior

We categorize each PR by the type of test changes, using
two criteria derived from the PR patch: (i) whether a hunk
changes a test file (identified by the rules in Section [[II-A),
and (ii) whether a hunk adds a new test.

Detecting newly added tests. For each hunk, we com-
pute the set of test-method declarations in the post-change
version of the hunk (i.e., the file content at the PR’s head
commit) minus those in the pre-change version (i.e., the
content at the base commit); the difference identifies tests
introduced, not merely edited, by the PR. A method counts
as an added test if, in Java, it carries one of @Test,
@QParameterizedTest, @RepeatedTest, @TestFactory,
or @TestTemplate (JUnit 4/5, TestNG), or its name follows
the JUnit 3 test name convention; in Python, a test is a def or
async def whose method name begins with test, covering
both pytest (test_x*) and unittest (testx). Body-only
edits and annotation-only changes leave the declared-name set
unchanged and are not counted as added test.

PR classification. Using criterion (i), we assign each PR
to exactly one of three categories: Code + Tests PRs, which
change both code under test and test files; Tests-only PRs,
which change test files only; and Code-Under-Test-Only PRs,
which change code under test with no test-file changes. The
distribution of these categories is in Section Using
criterion (ii), a PR Adds Tests if it introduces at least one
new test, and Modifies Tests if it changes test files without
introducing a new test. A PR may both add and modify tests.
Figure [I] reports the category overlap.

C. RQ2: Measuring Diff Coverage and Analysis

To assess test effectiveness, we measure diff coverage: the
percentage of added code lines that are executed by tests.

Coverage computation. For each modified code under
test file, we check every added line against the JaCoCo or
pytest—cov report and label it as covered (at least one
test executed it) or missed. File-level diff coverage is then
computed as:

C d Li
Diff Coverageg,, = [Covered Lines|

|Covered Lines| + |[Missed Lines|

Aggregation. We aggregate file-level diff coverage to the
PR level by summing covered and missed lines across all
changed code under test files in the PR, then applying the
same ratio. Doing so nets a single diff-coverage value per PR.

For Code + Tests PRs (RQ>,), we additionally compute PR-
level diff coverage on the without-tests run (Section [[II-A),
denoting the two values as DiffCovyip, and DiffCovyimour. We
report their difference,

ADiffCov = DiffCovyip — DiffCoVyithout, 2)

6]

as the diff-coverage gain attributable to the agent’s own tests.
IV. RESULTS

A. RQI Results: Test Inclusion in Agentic PRs

Figure[I] presents a Venn diagram of the intersection of PRs
with three attributes: those that (i) add new tests, (ii) modify
existing tests, and (iii) change only code under test files.
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Fig. 1. PR classification results. Circles denote non-exclusive PR attributes;
each region shows the number of PRs.
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Fig. 2. Existing-test diff coverage per merged PR.

Overall test inclusion. Of the 4882 PRs in our dataset,
4387 modify code under test files (530 Java and 3857 Python);
the remaining 495 change test files only, of which 430 are
merged. Among the 4387 PRs that modify code under test
files, 2176 (49.6%) include test changes, of which 1346 are
merged, while 2211 (50.4%) have no such changes, of which
1692 are merged.

Test addition vs. modification. When agents do include
tests, they more frequently add new tests than modify existing
ones. A total of 1983 PRs add new tests, while 1500 PRs
modify existing tests. 812 PRs both add and modify tests.

PR categories without test changes.

As a majority of PRs (53.0% Java, 44.3% Python) modify
code under test files without any test changes, we examine
their categories. Java is dominated by doecs (37.6%), fix
(34.4%), and feat (15.2%); Python by feat (40.5%), £ix
(30.3%), and refactor (11.8%).

B. RQ2 Results: Test Coverage in Agentic PRs

In this section, the results are from merged PRs (described
in sections [l and for both languages.
RQs,: What is the coverage of agent-written code for
existing tests? For all merged PRs that change code under
test, we measure the fraction of added executable lines covered
by the repository’s existing tests. For Code + Tests PRs, we
measure coverage with the agent’s test changes removed
(Section [II). This measurement indicates how much of the
agent’s diff the existing tests actually covers. Across the 213



TABLE I
DIFFCOVwitnour AND DIFFCOVwity BY PR CATEGORY FOR CODE + TESTS PRS, COMPARED BETWEEN JAVA AND PYTHON. SIGNIFICANCE IS ASSESSED
WITH THE ONE-SIDED WILCOXON SIGNED-RANK TEST [28]] (H1: DIFFCOVwiry > DIFFCOVwitHOUT)-

Java Python
Category DiffCovyithout DiffCovyin A (DiffCov) % Improved p-value DiffCovyimout DiffCovyin A (DiffCov) % Improved p-value
feat 39.7% 87.0% +47.3 82.4% (14/17) < 0.001""" 18.3% 31.3% +13.0  27.2% (99/364) < 0.001""
fix 74.8% 79.7% +5.0 27.6% ( 8/29)  0.006 ** 36.4% 42.9% +6.6 17.7% (25/141) < 0.001""
test 62.5% 87.5% 425.0 50.0% ( 1/ 2)  0.500™ 25.7% 23.5% 22 83%(3/36) 0.633"
refactor — — — —(0/0) — 42.9% 46.6% +3.7 11.4% ( 5/ 44)  0.088"s
docs 97.1% 97.1% +0.0  0.0% ( 0/14) n/a 27.3% 33.5% 462 214% ( 3/ 14)  0.231"s
build — — — —(0/ 0 — — — — —(0/ 0) —
chore — — — —( 0/ 0 — 19.4% 19.4% +0.0  0.0% ( 0/ 3) n/a™
perf 92.9% 92.9% +0.0 0.0% ( 0/ 2) n/a™ 0.0% 0.0% +0.0  0.0% ( 0/ 1) n/a™
style — — — —(0/ 0 — 1.0% 1.5% +0.5 100.0% ( 1/ 1)  0.500"
ci — — — —( 0/ 0 — 0.0% 0.0% 400  0.0% ( 0/ 1) n/a™
Overall 70.5% 86.1% +15.6 35.9% (23/64) < 0.001**" 24.8% 34.5% +9.6 22.5% (136/605) < 0.001*"*

Significance: *”p < 0.001; **p < 0.01; *p < 0.05; n.s. = not significant.

Java and 1664 Python merged PRs, existing tests cover 61.5%
of changed executable lines in Java and only 27.0% in Python.
PR-level coverage. The two languages exhibit sharply dif-
ferent coverage from existing tests. In Java, the median PR has
71.1% of its changed executable lines covered by the existing
tests, and 34.3% (73/213) are fully covered. Python tells a
different story: the median PR has zero coverage, and existing
tests cover none of the changed executable lines in 64.8%
(1079/1664) of Python PRs. Figure [2| shows the underlying
distribution: both languages are bimodal with mass at 0% and
100%, but Python concentrates overwhelmingly at the zero-
coverage end while Java is more evenly distributed.
File-level coverage. Across all changed code under test files
with at least one executable line in the diff, aggregate diff
coverage is 61.5% in Java (259 files) versus 27.0% in Python
(2696 files). In Java, 50.2% of files are fully covered and only
18.5% are uncovered; in Python, the proportions invert: 24.5%
are fully covered and 54.2% of files are uncovered.
Takeaway. Existing tests are an incomplete safety net in both
languages, and far weaker in Python: such tests cover 61.5%
of changed lines in Java, but only 27.0% in Python. Existing
tests also cover no changed lines in 64.8% of Python PRs.
RQ3,: What is the coverage gain of agent-written code
when agent-written tests are combined with existing tests?
Table [I] reports DiffCovyimou, DiffCovyin, and their delta
across PR categories for Code + Tests PRs. Agent-written tests
yield a statistically significant improvement: Java improves
from 70.5% to 86.1% (A = +15.6 pp; p < 0.001) and Python
from 24.8% to 34.5% (A = +9.6 pp; p < 0.001). The gain is
concentrated in feature-implementing PRs, where agent tests
deliver the largest deltas in both languages (Java: +47.3 pp on
17 PRs; Python: +13.0 pp on 364 PRs), followed by smaller
but significant gains for bug fixes (4+5.0pp Java, +6.6 pp
Python). Other categories—docs, refactor, chore, perf,
style, ci—show little gain.
Improvement is concentrated in a minority of PRs.
Only 35.9% of Java (23/64) and 22.5% of Python (136/605)
Code + Tests PRs actually show any improvement. For the
remainder, agent-supplied tests do not raise diff coverage. In-
specting these non-improving PRs reveals that the underlying

causes differ sharply between the two languages. In Java,
42.2% already reach 100% diff coverage from the existing
tests.

Among the rest, agents delete more tests than they add
(82 deleted vs. 31 added, a 2.6 ratio), with another 51.2%
editing only the bodies of existing tests — such edits modify
existing test behavior but introduce no new tests targeting the
changed code. In Python, the pattern inverts: only 8% hit the
coverage ceiling and just 12.4% contain test deletions, yet
74.8% add new tests that nonetheless fail to cover the agent’s
own changed lines.

Takeaway. Agent-written tests significantly improve coverage
on average, but only a minority of PRs drive this gain: just
35.9% of Java and 22.5% of Python Code + Tests PRs add
coverage beyond the existing suite. Failures look different
by language: Java agents often delete tests or hit a coverage
ceiling, while Python agents add tests that exercise code other
than the lines they introduced.

Categories of code that agents leave untested. Table |IIj re-
ports miss rates by syntactic category for the added executable
lines. Two patterns dominate.

First, the cross-language gap in overall diff coverage extends
to almost every category: Python miss rates run roughly 2—6x
higher than Java’s across Method Call, Assignment, If,
For, and Return. Even common constructs like Assignment
(16.1% Java vs. 63.1% Python) and Method Call (36.7% vs.
73.6%) are largely untested in Python.

Second, error-handling lines are under-tested in both lan-
guages. Newly added Throw statements miss 67.5% in Java
and 82.3% of the time in Python; lines inside Try—Catch
blocks miss 86.0% and 81.0%, respectively. Notably, Java’s
Try-Catch miss rate is the only category where Java performs
worse than Python in absolute terms, despite its substantially
higher overall coverage.

Takeaway. Agent test misses are not uniform across syntax.
Error handling is the weakest spot in both languages, with
most Throw statements and Try-Catch bodies left unex-
ercised. In Python, the gap extends to routine constructs:
Assignment, Method Call, and Return are all missed more
than half the time—suggesting agents exercise happy paths,



TABLE II
DIFF-COVERAGE MISS COUNTS BY STATEMENT CATEGORY, COMPARED
BETWEEN PYTHON AND JAVA. Total 1S THE NUMBER OF EXECUTABLE
LINES OF THAT CATEGORY ADDED BY AGENTS; Miss% IS THE FRACTION
OF THOSE LINES THAT NO TESTS CAN COVER.

Python Java
Category Total Miss%  Total Miss%
Method Call 4,516 73.6% 403 36.7%
Assignment 9,472 63.1% 671 16.1%
If 3,094 62.5% 308 13.3%
For 710 54.1% 31 19.4%
While 94 69.1% 21 9.5%
Return 2,189 71.4% 367 39.8%
Try-Catch 1,356 81.0% 43 86.0%
Throw 536 82.3% 80 67.5%
Break 27 81.5% 3 33.3%
Continue 204 90.2% 2 0.0%
Switch 7 100.0% 1 0.0%
Definition 3,062 54.1% 35 22.9%
Import 2,930 58.4% — —
Other 1,171 58.3% 103 22.3%

while leaving large portions of their own diff unexercised.

V. DISCUSSION AND FUTURE DIRECTION

For practitioners. Do not assume agents write tests: 50.4%
of code under test-modifying PRs include no test changes at
all, and the safety net provided by existing tests is incomplete
in both languages. Existing tests cover only 61.5% of agents’
changed executable lines in Java and 27.0% in Python. with
existing tests covering no changed lines in 64.8% of Python
PRs. Teams using agentic PRs should not assume a passing
run of tests means that the change has been tested. Review
efforts should prioritize error-handling paths as 86.0% Java
and 81.0% Python of the them are not covered regardless of
whether the agent added tests.

For agent developers. Agents that do include tests still
fail to test their own changes most of the time. Agent-written
tests improve coverage on average, but add coverage of the
agent’s own changes in only 35.9% of Java and 22.5% of
Python Code + Tests PRs. The two languages fail differently:
Java agents sometimes delete more tests than they add (a 2.6x
deletion-to-addition ratio in non-improving Java PRs), while
Python agents add tests that exercise some other code than
the code they introduced. Both patterns point to the same
intervention: agents need a coverage-aware feedback loop that
checks whether their own added lines are exercised by their
own added tests before submitting a PR. As existing tests
often leave agent changes not covered, agents cannot assume
existing tests will test their newly added code. Error-handling
constructs (e.g., throw/raise, try/catch) should be the
priority target for agent code test generation as 86.0% Java
and 81.0% Python of them are not covered.

For researchers. Our findings spur key new research:

(1) Coverage-aware agent benchmarks. SWE-bench [7] and
similar benchmarks reward agents for passing existing tests,
but do not analyze whether agents test the code they introduce.
Future benchmarks should focus on diff coverage.

(2) Diagnose why agent tests miss the lines they introduce.
For Code + Tests PRs that show no diff-coverage gain, our

current analysis tells us that the gain is absent but not why.
Diagnosing this behavior is an open problem whose answer
can inform agent design and benchmark construction.

(3) Targeted test-generation for weak categories. Error-
handling constructs miss 86.0% in Java and 81.0% in Python.
How can targeted prompting shift agents’ attention toward
such constructs remains an important future work direction.

VI. RELATED WORK, LIMITATIONS

Related work. One existing body of work evaluates LLMs
as test generators under controlled conditions. Pizzorno and
Berger [11] and Ryan et al. [[12] used coverage-guided prompt-
ing to drive LLM-generated tests toward higher branch and
line coverage; Meta’s TestGen-LLM [13|] reported code cov-
erage gains from augmenting existing tests with LLM-written
tests; El Haji et al. [[10] evaluated Copilot for Python test
generation; and Mastropaolo et al. [9] studied the robustness
of Copilot’s code generation more broadly. These studies
established that LLMs can produce useful tests when explicitly
asked, but they evaluated models in a test-generation role
rather than observing what agents do when given autonomy
over a PR. Watanabe et al. [[15] analyzed 567 agentic PRs and
reported that 45.1% of merged PRs required human revisions,
but do not measure test coverage. Coverage-based benchmarks
such as SWE-bench [7]] evaluate whether agents pass curated
tests, treating the tests as fixed and externally provided, but
none measure whether existing tests or tests an agent adds
actually exercise the code that the agent introduced.

Limitations. Our coverage analysis is limited to merged
PRs from repositories that could be built and instrumented,
which may introduce sampling bias. To assess this threat, we
compared lines of code (LOC), number of commits, age, stars,
and forks between the analyzed repositories and the entire
set of projects (median of analyzed vs. entire set). The 10
analyzed Java repositories are substantially smaller (29K vs.
102K LOCQ), less starred (437 vs. 745), and less forked (116
vs. 254) than the entire set of Java projects. That being said,
the analyzed projects are comparable in number of commits
(2271 vs. 3983 commits) and median age (4178 vs. 3785
days). Our Java coverage results may thus primarily reflect
the testing practices of smaller projects. In contrast, the 34
analyzed Python repositories show no substantial differences
from the entire set of Python projects on any metric (31K vs.
25K LOC, 1202 vs. 872 commits, 1065 vs. 1268 days, 676 vs.
734 stars, 120 vs. 141 forks). Full statistics and distribution
plots are in our replication package.

VII. CONCLUSIONS

In this paper, we performed a cross-language study of how
well tested agentic PRs are in the wild, which our results show
are often poorly tested. Over half of code under test-changing
PRs include no test changes; existing tests cover only 61.5%
of agents’ changed lines in Java and 27.0% in Python; agent-
written tests improve coverage, but only in a minority of PRs;
and error-handling constructs are often missed. Our findings
spur new research to better help test agent generated code.
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