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Abstract

Al-powered coding assistants such as GitHub Copilot, Cursor, and
Claude Code have been widely adopted in open-source software
development since 2022. Prior work has documented productivity
gains and correctness risks in controlled settings; recent longitu-
dinal studies address agentic tools, but repository-level, language-
stratified evidence across mainstream assistants remains sparse.

We present an empirical mining study comparing 272 open-
source repositories that detectably adopted AI coding assistance
(113 Python, 159 TypeScript) against 299 control repositories sat-
isfying the same selection criteria. Adoption is identified through
a tiered signal hierarchy; this produces an individual treatment
date per repository, enabling a staggered interrupted time series
design with four per-repository snapshots (T_s, T_1, T+1, T4¢) and a
difference-in-differences estimator against the control group to sep-
arate adoption effects from secular trends in software engineering
practice.

Fifteen static quality metrics are computed per snapshot, in-
cluding average cyclomatic complexity, bug-fix (commit) ratio, lint
warning density, and test density. For the research questions we
detect no adoption effect: the difference-in-differences is —0.04 (95%
confidence interval [—0.13, 0.04]) for average cyclomatic complex-
ity and 0.03 ([—0.02, 0.09]) for the bug-fix ratio, both spanning zero,
with no variation by language or activity. Exploratory analyses
reveal robust but practically modest associations (every Cliff’s §
negligible-to-small, largest 0.27): adopting repositories increase test
density, test count, and (in Python) docstring coverage, while re-
ducing parameters per function. A concurrent rise in worst-case
cyclomatic complexity appears to track codebase growth rather
than genuine complexity growth, as the normalized share of com-
plex functions is unchanged. These associations are largely stable
across signal-tier and shifted-treatment checks, but we read them as
hypothesis-generating: for several, the arms were already diverging
before adoption.

1 Introduction

Al-powered coding assistants have changed how developers write
code. GitHub Copilot, built on a large language model fine-tuned
on public code [9], drew more than 1.2 million developers during its
technical preview and became generally available in June 2022 [12].
Tools such as Cursor and Claude Code have since brought similar
Al assistance to everyday coding workflows. By generating com-
pletions and full function implementations from natural language
descriptions, these tools reduce the time spent on routine coding
tasks.

Early evaluations focused primarily on productivity and correct-
ness in controlled settings. Peng et al. [21] found that in a con-
trolled experiment Copilot users completed a programming task
55.8% faster than a control group. However, faster code generation
does not necessarily translate into higher-quality code. Prior work
has documented that Al-generated suggestions frequently contain
security vulnerabilities [20] and that output quality degrades on
complex algorithmic tasks [19]. These findings raise an empirical
question about how observable code quality indicators are chang-
ing in practice as Al assistance becomes widespread in open-source
development.

Open-source repositories on GitHub are well suited to this anal-
ysis. Their full commit histories span the pre- and post-adoption
period, capturing real developer behavior on non-trivial software
systems. Many repositories also leave detectable traces of Al tool
adoption (tool-specific configuration files, Al-attributed commit
co-authorship, or explicit references in commit messages), which
allow the adoption event to be localized at the project level instead
of being assumed from a global tool release date.

This paper presents an empirical mining study designed to an-
swer the following research questions:

e RQ1: How did the average cyclomatic complexity of functions
change in active open-source software (OSS) repositories after
the first detectable adoption of an Al coding assistant?

e RQ2: How did the bug-fix commit ratio change before versus
after Al coding assistant adoption?

e RQ3: How do observed metric differences vary by primary pro-
gramming language or repository activity level?

Our contributions are: (i) a tiered signal hierarchy for detecting
Al coding assistant adoption from publicly available repository
metadata; (ii) a curated dataset of 272 treated and 299 control repos-
itories with individually assigned treatment dates and per-snapshot
static quality metrics; and (iii) a staggered interrupted time series
(ITS) analysis with a difference-in-differences (DiD) estimator that
detects no adoption effect on the research questions, alongside ex-
ploratory evidence that adoption is associated with more testing
and documentation.

2 Background and Related Work

Three strands of prior work bear on this study: Al coding assistants,
the static metrics that operationalize code quality, and the empirical
studies that have begun to measure Al’s effect on it.

2.1 AI Coding Assistants

Since the June 2022 release of GitHub Copilot [12], competing tools
such as Amazon Q Developer, Cursor, and Gemini Code Assist have
reached broad availability, and Al-assisted code generation is now



common across commercial and open-source projects. The field
has moved from assisted development (autocomplete, linters, static
analyzers) to generative development, in which a model authors
substantial blocks of code from surrounding context or natural
language prompts.

2.2 Code Quality Metrics in Open-Source
Software

Empirical software engineering operationalizes code quality through
static analysis metrics. McCabe’s cyclomatic complexity (CC) [16] is

a widely accepted proxy for maintainability and testability, and com-
plexity metrics such as CC are standard static-code inputs to defect-
prediction models [17]. Cross-language tools such as Lizard [26]

enable consistent measurement across Python and TypeScript;
language-specific alternatives such as radon or eslint-complexity
would break this comparability.

At the commit level, the fraction of commits addressing bug fixes,
identified through keyword matching in commit messages [18], is
a standard proxy for corrective (defect-fixing) activity. Changes in
test density (ratio of test-file to total lines of code, LOC) and lint
warning density (static-analysis warnings per thousand LOC, or
kLOC) provide complementary indicators of changing quality and
coding-practice standards.

2.3 Empirical Studies on the Impact of Al
Coding Assistants

Prior work on the effects of Al coding tools falls into three cate-
gories. Productivity studies [21] focus on output speed and through-
put rather than artifact quality. Correctness and security evalua-
tions [19, 20] assess the quality of Al-generated code in isolation,
identifying CWE violations and correctness gaps in suggested snip-
pets; these studies examine Al output directly, not its downstream
effect on a codebase after developer review and integration. Repos-
itory mining work has characterized developer practices and dis-
course around Al coding tools [27] (the languages, IDEs, and per-
ceived benefits and limitations) but draws on self-reported devel-
oper experience rather than quality indicators measured directly in
production codebases at scale. Recent large-scale longitudinal work
has begun to measure downstream quality outcomes, primarily
for Cursor and autonomous coding agents [1, 14], finding lasting
increases in code complexity and static-analysis warnings, while
productivity gains proved short-lived.

As in recent adoption-based studies [1, 14], we detect adoption
per repository rather than anchoring to a global release date, com-
bining a staggered ITS [15] with a DiD estimator [8] against a con-
trol group; our contribution is to extend this staggered-adoption
design from a single tool to a tiered signal hierarchy spanning
many assistants and both languages, with the bug-fix (commit)
ratio added as an outcome, a combination that prior mining work
has not examined together.

3 Methodology

We answered the research questions with a per-repository design:
we detected each repository’s own adoption date, took four snap-
shots around it, and estimated difference-in-differences against a
control arm over fifteen static metrics.
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3.1 Study Design

We employed a quasi-experimental longitudinal design based on
staggered ITS [15]. The observation window spanned the June 2022
general availability of GitHub Copilot [12] through December 2025,
covering the pre- and post-adoption history of each repository. We
extended the window past the originally planned 2024 cutoff be-
cause most strong adoption signals fall in 2024-2025; signals in
2026 were excluded because they lack the 180 days of post-history
the design requires, which is the binding constraint on the size
of the treated arm. We detected an individual treatment date per
repository (Section 3.2). For each treated repository, we computed
four snapshots: T_¢ (last commit at least 180 days before treatment),
T_; (last commit before treatment), T, (first commit on or after
treatment), and Ty (first commit at least 180 days after treatment).
The primary paired contrast is T_s — T, which captures the accu-
mulated effect six months on either side of adoption; T_; — T} is a
secondary, immediate contrast. Missing snapshots were recorded
as NaN; the repository remained in the sample.

A control group of 299 repositories without detectable Al adop-
tion signals enabled a DiD estimator 2, 7, 8]: DiD = A(treated: post—
pre) — A(control: post — pre). The per-language median treatment
date across treated repositories was the synthetic cutoff for control
repositories. The 2x2 DiD already differences out any time-invariant
baseline gap between the arms, including the age and popularity
imbalance of Section 4.2. As a robustness check we also fitted a
covariate-adjusted regression DiD (adding repository age, log-stars,
contributor count, and language, with repository-clustered standard
errors); because these covariates are time-invariant, the adjusted
DiD coincided with the 2 X 2 estimate, serving only as a consistency
check. Neither estimator addresses time-varying confounding or
substitutes for propensity score matching, which the coarse covari-
ates do not support. Throughout, we treated a metric as showing a
robust treated-vs-control effect only when its DiD 95% confidence
interval (CI) excluded zero. As a check on the DiD identifying
assumption, we computed a placebo DiD on the pre-treatment in-
terval T_¢ — T_;; under parallel trends this should be near zero, and
a 95% CI excluding zero flags pre-adoption divergence.

3.2 AI Adoption Signal Detection

We operationalized Al tool adoption through a tiered signal hier-
archy applied to each repository’s commit history and file tree. S1
(strong) is one of 39 tool-specific marker files spanning 17 assistants
(e.g., CLAUDE . md, Copilot’s .github/copilot-instructions.md,
or AGENTS.md); S2 (medium) is an Al co-authorship commit trailer
from any of seven tools (Co-Authored-By attribution to Claude,
Copilot, Aider, and others); S3 (weak) is a commit-message keyword.
The treatment date is the earliest S1 or S2 signal, taken from the
commit author date (which rebasing does not rewrite); a repository
is excluded if that earliest signal falls outside the observation win-
dow or coincides with the creation date (no pre-adoption baseline).
We applied an asymmetric S3 policy: an S3 keyword match never
defines a treatment date in the main specification, but the control-
contamination screen does use S1, S2, and S3, so any repository
showing even a weak Al hint is removed from the control arm. S3
keywords were matched whole-word and case-insensitively; the
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Table 1: Participant flow from 19,174 discovered candidates to the
272 treated + 299 control analyzed sample. Size > 400 MB is the
only measurement-stage exclusion.

Stage n
Discovered candidates 19,174
excluded: below min stars 14,611
excluded: language 1,425
excluded: created after cutoff 999
excluded: archived 163
excluded: not found 22
Included (eligibility pool) 1,954
not put through detection (by design) 433
Signal-detected 1,521
Treated (census of adopters): S1/S2 signal 330
excluded: size > 400 MB 58
analyzed 272
S3-only (sensitivity arm, not headline) 10
Control (capped sample): no valid signal 1,181
excluded: size > 400 MB 40
not sampled (control cap, target 300) 841
lost: pipeline failure 1
analyzed 299

authoritative set is three patterns: copilot; ai-generated (hy-
phen or space); and generated by/with followed by ai, claude,
copilot, or cursor. S3-only repositories appear only in a dedicated
S3 sensitivity analysis; we also reported an S1-only subset alongside
the main S1+S2 sample. Because inline completion (e.g., GitHub
Copilot autocomplete) leaves neither a configuration marker nor
a commit trailer, and the trailers we detected come mainly from
agentic assistants and bots [3, 4, 13], our signals indicate agent-
mediated use, not in-editor completion. We estimated effects on the
pooled treated arm and reported the tool mix descriptively instead
of attributing DiD estimates to any single tool.

3.3 Repository Selection

We seeded candidates from marker- and trailer-based code search,
star-bucketed repository search, and a manual seed list, then ex-
panded by snowball sampling [5] over dependency (pip), fork, and
contributor links. All candidates were filtered against the following
criteria.

Inclusion: created before January 1, 2024; at least 10 GitHub
stars; primary language Python or TypeScript (which excludes
documentation- and data-only repositories); not archived; and, for
treated repositories, at least one S1 or S2 adoption signal inside the
observation window.

Exclusion: repositories where the Al signal date equals the
creation date (no pre-signal baseline available).

Deviations from the planned protocol: The planned design
required creation before 2020 and at least 20 stars, with activity,
contributor-count, and 1,000-LOC gates; because repositories car-
rying an Al marker are young and often small, these criteria left
too few eligible repositories, so we relaxed them to the thresholds
above. We further capped measurement at repositories of at most
400 MB to bound clone and analysis cost; larger repositories still
remain classified as treated or control (Table 1) but are excluded
from the analyzed sample.

3.4 Metrics

We computed fifteen static quality metrics per snapshot, spanning
complexity and size, documentation, typing and duplication, test-
ing, and process; lower is better for the complexity, size, duplication,
and process metrics, higher for documentation, typing, and testing.
Full definitions are in the companion repository. Every tool ran at
a pinned version against fixed, project-independent configurations,
so a repository’s own config cannot influence a metric; those in
the pinned container image additionally ran with the repository
mounted read-only and networking disabled. Complexity and size
came from Lizard [26], lines of code from cloc [11], duplication
from jscpd (strict mode, 50-token minimum), typed-parameter and
docstring coverage from the Python abstract syntax tree, churn from
git diff, and lint from ruff (Python) and ESLint (TypeScript),
each with a fixed ruleset. A commit counts as a bug fix if its mes-
sage contains a whole-word fix, bug, patch, or resolve [18]; the
generic issue and error count only with a fixing verb (e.g., fixed
issue), suppressing false positives like “open an issue”. We vali-
dated this classifier on a stratified random sample of 200 commits,
double-labeled by two raters who agreed on 179 (the 21 disagree-
ments adjudicated by discussion; Cohen’s x = 0.74): its precision is
0.57, recall 0.88 (re-weighted from the 50/50 validation strata to the
cohort’s true bug-fix base rate), and F1 0.69. We discuss what this
modest precision implies for the bug-fix ratio in Section 5. Test files
were identified by language-specific naming conventions (patterns
in the companion repository). The bug-fix ratio and code churn
are window metrics, computed over the pre-window (T_¢...T-;)
and post-window (T}...Ty); all others are point-in-time at each
snapshot.

3.5 Statistical Analysis

For each metric we compared pre- and post-adoption distributions
using the Wilcoxon signed-rank test [25] (paired by repository,
two-tailed, @ = 0.05) and reported effect sizes with Cliff’s § [10],
its magnitude labeled by the Romano thresholds [22] (negligible
< 0.147, small < 0.33, medium < 0.474). The Benjamini-Hochberg
procedure [6] controlled the false discovery rate (FDR) across the
metric family within each contrast and stratum. Pairs with a miss-
ing snapshot on either side were dropped (pairwise-complete dele-
tion), so the reported n varied by metric. For RQ3, we stratified
the analysis by primary language and by activity level (upper vs.
lower quartile by commit frequency) and compared strata using
the Mann-Whitney U test. Bootstrapped 95% confidence intervals
(10,000 resamples, seed 42) were reported for all effect size estimates
and for the 2 X 2 DiD. We ran no a priori power analysis; instead we
reported a confidence interval for every effect (around 200 paired
observations for cross-language metrics, fewer for Python-only and
lint), so the reader can tell tightly bounded nulls from imprecise
ones. Because lint warning rates are not comparable across Python
and TypeScript toolchains, the lint metric was analyzed within
language strata only.

4 Results

We report the cohort and its baseline imbalances, then answer each
research question, and close with the exploratory findings and
sensitivity analyses.
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Table 2: Per-metric results, primary contrast T_s — T (treated pre vs. post). n is the paired-repository count per metric; Pre/Post are treated
medians; Cliff’s § is the within-treated pre-vs-post effect size with its bootstrap 95% CI; p,q; is Benjamini-Hochberg adjusted; DiD is the 2 x 2
difference-in-differences of per-repository means vs. control with its 95% CI. A metric shows a robust treated-vs-control effect only when its
DiD CI excludes zero (rows in bold). TChurn is on a far larger scale than the other metrics; read that row qualitatively, not as a precise bound.

Metric n Pre  Post Cliff’s § [95% CI] Dadj DiD [95% CI]
Avg. cyclomatic complexity (RQ1) 231 1.95 1.97 0.02 [-0.02, 0.06] 0.005 -0.04 [-0.13, 0.04]
Max cyclomatic complexity 231  34.00 46.00 0.20 [0.15,0.25]  <0.001 8.47 [4.22, 12.58]
Complex functions (CC>10) share 231 0.01 0.01 0.06 [0.02, 0.11] 0.005 0.00 [-0.00, 0.00]
Function length p95 (NLOC) 231 33.60  34.00 0.06 [0.01, 0.10] <0.001 0.19 [-1.49, 2.02]
Avg. params / function 231 0.81 0.74  -0.06 [- 0 10,-0.04]  <0.001  -0.08 [- 0 14, -0.04]
Comment density (comments/code) 200 0.13 0.14 0.08 [0.03, 0.13] 0.447 0.01 [-0.01, 0.03]
Code duplication ratio 232 0.10 0.10 0.03 [-0.02, 0.08] 0.533 0.00 [-0.01, 0.01]
Typed-param ratio (Py) 93 0.57 0.61 0.10 [0.04,0.16]  <0.001 0.02 [-0.03, 0.06]
Docstring coverage (Py) 93 0.22 0.33 0.27 [0.18,0.37]  <0.001 0.09 [0.04, 0.13]
Lint warnings / KLOC (Py) 91 7.08 511  -0.13 [-0.23, -0.04] 0.001  -4.78 [-13.01, 1.23]
Test density 200 0.17 0.28 0.17 [0.12, 0.22] <0.001 0.05 [0.03, 0.07]
Test-file ratio 237 0.09 0.14 0.08 [0.03, 0.13] <0.001 0.02 [-0.00, 0.03]
Test count / kKLOC 200 6.82 10.95 0.17 [0.12, 0.23] <0.001 3.07 [1.69, 4.50]
Bug-fix commit ratio (RQ2) 242 028 030 0.10 [0.05,0.16]  0.002  0.03 [-0.02, 0.09]
Code churn / commit (median, ex-lockfiles)t 242 22.00  28.00 0.16 [0.10, 0.23]  <0.001 -524 [-1,780, 968]

4.1 Cohort and participant flow

From 19,174 discovered candidates, 1,954 passed the inexpensive
inclusion checks. This pool is not a rejection funnel: the treated arm
is a census of measurable in-window adopters (272), the control arm
a capped sample of the no-signal pool (target 300, 299 analyzed).
Most of the remaining pool is eligible-but-unsampled controls; the
rest were dropped for other reasons, which Table 1 lists. The 400 MB
measurement cap barely cuts down the analyzed sample itself: me-
dian repository size is 15 MB, and only 9 of 571 repositories exceed
360 MB. The treated arm divides into 113 Python and 159 Type-
Script repositories (against 179 Python and 120 TypeScript controls)
and is split almost evenly between strong S1 file-marker signals
(n = 140, 51%) and S2 co-authorship trailers (n = 132, 49%). The
most frequently attributed tools are GitHub Copilot (110 reposito-
ries), Claude Code (56), and Cursor (55), followed by a long tail of
agentic assistants such as Devin, Cline, Windsurf, and Aider.

4.2 Baseline characteristics

Treated repositories are far more popular than controls, carry far
more contributors (median 47 and 30 for Python and TypeScript
against 7 and 8 for controls), and are larger (median T_¢ LOC 15,556
against 4,686 over the paired subset); they are also younger: me-
dian creation year 2021 against 2019 (Mann-Whitney p = 0.0002).
Because this gap is time-invariant, the DiD differences it out; we
revisit the residual, time-varying part in the Discussion.

4.3 ROQ1: average cyclomatic complexity

We find no robust effect on average cyclomatic complexity. The
within-treated change is negligible (Cliff’s § = 0.02), and although
the FDR-adjusted Wilcoxon test is significant (p,q; = 0.005) by
virtue of the large paired sample, the treated-vs-control DiD is
—0.04 with a 95% CI of [—0.13,0.04] that includes zero (Table 2).
The within-group test is misleading because average complexity
is essentially flat in treated repositories while it drifts upward in
controls (Figure 1, left), so the raw pre/post movement does not
survive differencing against the control trend. RQ1’s answer is a

Avg. cyclomatic complexity Test density

—e— treated 0.281 —o— treated

control control
2.5

2.4 0.24

0.22
2.3

22
;\".\. 018

T-6 T1 T+1 T+6 T-6 T1 T+1 T+6

Figure 1: Mean metric across the four snapshots, treated vs. control.
Average cyclomatic complexity (left) is flat for treated repositories
while controls drift upward, yielding a null DiD. Test density (right)
rises in both arms but earlier and further for treated repositories.

null: adoption is not associated with a robust change in average
function complexity.

4.4 RQ2: bug-fix commit ratio

RQ2 is likewise null at the DiD level. The bug-fix ratio rises slightly
within treated repositories (0.28 to 0.30; § = 0.10, negligible), but
the DiD is 0.03 with CI [-0.02, 0.09] spanning zero (Table 2). The
keyword classifier’s low precision (Section 3.4) means this null is
best read as a noisy-measure null that could mask a small effect;
we return to it in the Discussion.

4.5 RQ3:language and activity strata

Stratified Mann-Whitney tests on the per-repository change scores
show no systematic moderation by language or activity. Three of the
24 comparisons across the language and activity axes reach or touch
nominal significance before correction: max cyclomatic complexity
by activity level (p = 0.012), code duplication by language (p =
0.042), and test density by activity level (p = 0.050). This is close to
the ~ 1.2 hits expected by chance at « = 0.05 across 24 tests, and
none survive multiple-comparison correction. We therefore find no
convincing evidence that adoption effects differ between Python
and TypeScript or between high- and low-activity repositories,
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which also lends partial support to pooling the two languages in
the primary DiD.

4.6 Exploratory findings

Beyond the research questions, four metrics show a robust and
interpretable DiD (CI excluding zero): adopting repositories in-
crease test density (DiD 0.05; Figure 1, right), test count per KLOC
(3.07), and Python docstring coverage (0.09), and reduce parame-
ters per function (—0.08). Max cyclomatic complexity also moves
robustly (rising 8.47 while the average does not), but we report it
for completeness only, not as a quality change: the maximum is
an order statistic that tends to climb as a codebase adds functions,
even when per-function complexity is unchanged. Since treated
codebases grow faster than controls over the window (total-LOC
DiD +10,013, CI [3,587, 16,211]) and the size-normalized share of
complex functions (CC>10) has a null DiD. This rise most likely
reflects codebase size, not genuine complexity growth (Table 2 gives
each row’s CI). We stress that these four effects, though statistically
robust, are practically modest: every Cliff’s § is negligible-to-small
on the Romano scale, the largest being docstring coverage at 0.27.
The picture is one of small shifts in testing and documentation dis-
cipline, not a broad change in code quality. The two robust testing
metrics are, moreover, near-redundant with each other and with
the test-file ratio (Spearman 0.86-0.94), so they evidence a single
shift in testing discipline, not independent corroboration. A fur-
ther caution applies to three of these metrics, whose pre-treatment
placebo DiD already excludes zero (Section 4.7). Because none of
these metrics are among the research questions, we report them
all as exploratory and hypothesis-generating. Two further metrics
move within treated repositories but not against controls: Python
typed-parameter ratio and lint warnings per KLOC both improve
within the treated arm (FDR-adjusted p < 0.001) yet have DiDs
whose CIs cover zero (0.02 [-0.03,0.06] and —4.78 [—13.01, 1.23]);
like RQ1, these are within-treated shifts that do not survive differ-
encing against controls. The TypeScript lint stratum (ESLint) is also
null (DiD +2.58 [—1.04, 6.66], n = 109). The code-churn metric is
heavy-tailed across repositories, so its DiD (—524, bootstrap interval
[—1,780, 968]) is highly unstable.

4.7 Sensitivity analyses

The exploratory effects are largely insensitive to the signal defi-
nition and treatment timing, with one exception. Restricting the
treated arm to strong S1 markers only, admitting the 10 keyword-
only S3 repositories, and re-anchoring every treatment date 30, 60,
or 90 days earlier leave the direction and significance of three of
the four robust metrics unchanged. The exception is the reduction
in parameters per function, which loses significance in the S1-only
subset (DiD —0.05, CI [—0.12,0.00]), so we do not claim it holds
across signal tiers. The two research-question nulls remain null
under every perturbation.

We also probed the DiD parallel-trends assumption with a pre-
treatment placebo, computing the DiD over T_s — T_; when both
snapshots still precede adoption. For three of the four exploratory
metrics this placebo excludes zero: docstring coverage (n = 274;
0.04, CI [0.02,0.06]), test density (n = 517; 0.02, [0.01,0.03]), and
test count per KLOC (n = 517; 0.94, [0.12,1.76]). The arms were

therefore already diverging before adoption, so we treat those three
associations as suggestive, not causal. Average cyclomatic complex-
ity (RQ1) and parameters per function pass the placebo, with a CI
covering zero; the bug-fix ratio (RQ2) is a window metric, so no
pre-treatment placebo is defined for it. Because the placebo needs
only the two pre-adoption snapshots, it pools treated and control
repositories over larger samples than the primary contrast (n from
273 to 566, lowest for the Python-only metrics), so these are not
low-power non-findings.

5 Discussion

Both primary results are null. Neither average cyclomatic com-
plexity (RQ1) nor the bug-fix ratio (RQ2) shows a difference-in-
differences distinguishable from zero, so on both outcomes we find
no evidence that Al adoption changes code quality at the repository
level. A precise null is itself informative: the confidence intervals
are narrow and sit around zero, so any effect they leave room for is
small. We did not pre-specify a smallest effect of interest or run a
formal equivalence test, so we bound rather than formally exclude
such an effect. The exploratory metrics that move (more tests and
documentation, fewer parameters) tell a coherent secondary story,
but must be read with restraint: effect sizes are negligible-to-small,
they were not research questions, and for three the arms were
already diverging before adoption. The reduction in parameters
per function is the only exploratory effect whose placebo covers
zero, making it the least fragile of the four; even so it loses sig-
nificance in the S1-only subset, so we read it as suggestive, not
confirmed. A reasonable reading is that adoption coincides with
modest tooling-discipline improvements, not a transformation of
the codebase.

Our nulls stand in contrast to recent longitudinal work, which
reports that adopting Cursor or autonomous coding agents is fol-
lowed by lasting increases in code complexity and static-analysis
warnings [1, 14]. At the repository level we do not reproduce that
pattern for average complexity, which shows no robust difference-
in-differences, although the size-confounded worst-case maximum
does rise. Several differences may explain the divergence: our co-
hort mixes many assistants rather than one agentic tool, our unit
is the whole repository (not individual edits), a repository-level
average masks tail effects, and those studies track cognitive com-
plexity (SonarQube) whereas we measure cyclomatic complexity
(Lizard). Whether AI raises complexity may thus depend on the
tool, the complexity construct, and the granularity measured. A
construct-validity caveat compounds this, as He et al. [14] put
it: “[C]omplexity metrics were designed for human-written code;
whether they appropriately penalize Al-generated patterns that are
mechanically verifiable yet syntactically complex remains an open
question”.

These findings carry cautious implications. For practitioners they
are reassuring: across fifteen metrics we detect no quality degrada-
tion, the size-confounded maximum aside. The reassurance stops
there, since nothing shows Al improving quality on its own; even
the testing and documentation gains predate adoption (Section 4.7).
For researchers, the null average beside a size-driven worst-case ar-
gues for finer-grained, size-normalized, and tail-sensitive outcomes



over longer horizons, ideally at the level of individual Al-attributed
changes rather than whole repositories.

The remaining threats fall under four validity types [23].

Construct validity. The adoption signal marks the onset of
detectable, agent-mediated use, not full or individual adoption: it
shows that some contributors used Al not which ones or at what
rate, so we measure a population-level association, and pre-signal
informal use is invisible. Our shifted-treatment sensitivity analysis
(treatment moved 30, 60, and 90 days earlier) leaves the direction
and significance of every robust metric unchanged, bounding the
effect of undetected pre-signal use.

On the outcome side, the bug-fix ratio rests on a keyword classi-
fier whose precision is only 0.57 (200 commits, two raters, Cohen’s
k = 0.74); it recovers most genuine fixes but admits many false
positives, so the absolute ratio overstates the defect rate. This mis-
classification is non-differential at best and would attenuate a true
effect toward zero rather than cancel, so RQ2 is a noisy-measure null
in which a real effect could be masked, not a confident no-effect. The
outcome proxies are also imperfect: testing metrics count volume,
not coverage, and docstring density can rise merely from assistant-
emitted text. Pinned tool versions and a fixed configuration ensure
a metric change reflects the code, not linter drift.

Internal validity. Repositories that adopt Al tools may differ
from controls in expertise, tooling maturity, or prior quality tra-
jectory. The arms are in fact imbalanced: treated repositories are
younger and more popular (median creation year 2021 against
2019, Mann-Whitney p = 0.0002). Differencing removes this time-
invariant gap; time-varying confounders remain and no propensity
score matching was applied.

Two forms of selection are more troubling. First, adopting a
repository-level Al marker (an S1 file) plausibly selects tooling-
mature teams that already mandate tests and documentation, so
part of the exploratory testing and documentation signal may re-
flect who adopts rather than an effect of adoption; consistent with
this, the pre-treatment placebo shows the arms already diverging
on docstring coverage, test density, and test count before adoption
(Section 4.7), which DiD cannot remove. Second, general improve-
ments in OSS practice over 2022-2025 could explain part of any
change; the control group and DiD are our primary guard, yet
residual secular confounding cannot be fully excluded, and controls
anchored to a single synthetic cutoff sit at a later project-lifecycle
stage than the treated windows, a further time-varying confound
that differencing does not remove.

A distinct and more consequential concern is control contami-
nation. Our signals detect only marker files, co-author trailers, and
keywords; repositories whose contributors use Al solely through
editor completion or web browsers leave none of these traces and
remain in the control arm. Such undetected adopters make the
control trend partly an adoption trend, biasing every difference-in-
differences toward zero. The two research-question nulls are the
results most exposed to this: they are consistent with no effect, but
also with a real effect diluted by silent Al use among controls, which
reinforces reading them as no detected effect rather than evidence
of absence. Because a missing T, marks a repository that fell silent
after adoption, the pairwise-complete deletion, applied per metric,
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conditions each estimate on continued post-adoption activity, an at-
trition that is plausibly informative (missing not at random, MNAR)
and is distinct from the whole-repository survivorship noted below.

External validity. Snowball sampling (<14% of either arm) from
repositories with visible Al adoption favors well-connected, higher-
visibility projects. Because only repositories active throughout the
window are observed, projects that went inactive after adoption are
missed, biasing the treated arm’s metrics upward. With the restric-
tion to Python and TypeScript repositories of at least 10 stars and
at most 400 MB, generalization is bounded to moderately popular
projects in these languages.

Conclusion validity. To obtain a workable sample we relaxed
the planned creation-date, star, activity, contributor, and LOC cri-
teria, extended the window to 2025, and capped measurement at
400 MB (Section 3.3), shifting the cohort toward younger, smaller
projects. The four exploratory metrics were, moreover, selected
after inspecting the data. Benjamini-Hochberg correction applies to
the Wilcoxon p-values; for the DiD, all five robust rows still exclude
zero after correcting the fifteen-metric family for multiple compar-
isons (Bonferroni ¢ = 0.05/15, or a sup-t simultaneous band), so
multiple testing does not explain them. We rely on the sensitivity
and placebo checks rather than nominal p-values, having flagged
where they fail: parameters per function under the S1-only subset,
and three exploratory metrics under the parallel-trends placebo.

6 Conclusion

We presented an empirical mining study of the association be-
tween Al coding assistant adoption and static code quality across
272 treated and 299 control open-source repositories, using per-
repository adoption detection, a staggered interrupted time series,
and a difference-in-differences estimator over fifteen metrics. On
the research questions we detect no adoption effect: neither average
cyclomatic complexity (RQ1) nor the bug-fix ratio (RQ2) shifts un-
der difference-in-differences, and these (non-)effects do not vary by
language or activity (RQ3). Exploratory analyses associate adoption
with modest increases in testing and documentation, none large
in magnitude and several already diverging before adoption; an
apparent rise in worst-case complexity most likely reflects code-
base size. The contributions that outlast these particular numbers
are the tiered signal hierarchy for detecting adoption from reposi-
tory metadata and the reproducible, container-pinned measurement
pipeline. Natural next steps are to confirm the exploratory signals,
to measure finer-grained and tail-sensitive outcomes over longer
horizons, and to move from repository-level association toward the
individual Al-attributed changes that drive it.

Data Availability

The curated repository list, the data collection pipeline, and the
computed per-snapshot metrics, tables, and figures are made pub-
licly available at https://github.com/LukasWestholt/ai-impact-code-
quality; the pinned measurement image (all tool versions) can be
pulled by digest [24]. All randomized procedures use a fixed seed
so that the reported confidence intervals reproduce exactly.
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