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Abstract

Al coding agents such as Claude Code, OpenAl Codex, GitHub
Copilot, Cursor, and Devin now open pull requests (PRs) at scale,
making merge conflict resolution an increasingly important part of
Al-assisted software development. Yet no prior study has examined
who resolves these conflicts or how conflict resolution strategies
differ across agents and from humans. We present the first study of
who resolves these conflicts and how conflict resolution strategies
differ across agents and from humans, analyzing 14,960 conflicting
internal merge commits from 12,299 Al-authored PRs. Three find-
ings emerge. First, agents rarely resolve the conflicts they produce:
humans author 14,386 (96.1%) of conflicting merge commits, and
agents’ self resolution rates differ by nearly 60x across vendors.
Second, agents exhibit no common conflict resolution behaviour.
Strategy profiles range from statistically indistinguishable from
humans to strongly divergent, while pairwise agent comparisons
range from near identical to almost disjoint. Third, two of the five
agents derive more than 80% of their observed self resolution profile
from a single repository, revealing a single repository concentration
that must be accounted for before interpreting per agent behaviour.
These findings argue against treating Al coding agents as a homo-
geneous class and instead motivate vendor specific merge tooling,
evaluation, and CI safeguards.
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1 Introduction

The increasing adoption of Al-powered coding agents, such as
Claude Code, OpenAl Codex, GitHub Copilot, Cursor, and Devin,
represents a paradigm shift in software development workflows.
These agents autonomously create branches, implement features,
and open pull requests (PRs) in open-source repositories, contribut-
ing code alongside human developers at a scale that only became
possible in the last two years. The AIDev catalogue [28] alone doc-
uments over 932,000 Al-authored PRs across 116,000 repositories,
positioning agentic contributions as a first-class citizen of modern
collaborative development.

When an Al-authored branch needs to incorporate upstream
changes (e.g., via git merge main), textual merge conflicts may
arise. These conflicts must be resolved before the merged code can
be committed, and the resolution may be performed by the Al agent
itself, by a human developer, or collaboratively. Despite the scale of
agentic contributions, two questions remain unanswered for this
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new population of merges: who performs the integration step on Al-
authored branches, and how the agents that do their own merges
behave relative to each other and to humans.

Prior work on merge conflict resolution has focused exclusively
on human developers [18, 19, 22, 37, 38]; the one dataset that targets
agentic PRs, AgenticFlict [31], analyzes merges between the PR
head and base branches, but does not distinguish AI from human
actors in the integration step. In addition, they do not study the res-
olution strategies used for resolving these conflicts. Consequently,
no prior study has separated Al-performed from human-performed
resolutions on merge commits and characterized the strategies
applied by each agent individually.

In this paper, we address these gaps by conducting an empirical
study on internal merge commits within Al-authored pull requests
from the AIDev catalogue [28]. We identify and reproduce each
internal merge, localize the developer’s resolution for every con-
flicting chunk following Dinella et al. [18] strategy, classify each
resolution using the Ghiotto et al. [22] taxonomy, and attribute
each resolution to an Al agent or a human based on the committer
identity [27]. Our main contributions are: (i) the first attribution
of conflict resolutions to specific Al coding agents on real merge
commits at scale; (ii) a characterization of the resolution strategies
used by Al agents and humans; (iii) a replication package contain-
ing all collection and analysis scripts. Concretely, we answer the
following research questions:

¢ RQ1: Who resolves the merge conflicts introduced in
Al-authored PRs, and how does this vary across cod-
ing agents? Whether conflicts are resolved by the agent
autonomously or by a human has direct implications for
pipeline design and trust in agentic workflows. We identify
who commits each internal merge and how the propensity
for self-resolution differs by agent.

¢ RQ2: How do Al coding agents resolve their own merge
conflicts, both individually and relative to one another?
Aggregating across agents can mask large vendor-specific
differences. We compare each agent’s per-agent resolution-
strategy distribution against the human reference within our
corpus, run pairwise agent-against-agent contrasts, stratify
the heterogeneity by file category, and surface the repository-
concentration that confounds two of the five agent profiles.

Our headline results, developed in Sections 5.2-5.3, are: among
the 14,960 conflicting internal merges, humans commit 96.1% and
the per-agent self-resolution rate spans nearly 60x (Codex 0.5%
to Devin 29.4%); the five agents differ markedly from each other
in resolution strategy (ranging from statistically indistinguishable
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from humans to strongly divergent, with inter-agent comparisons
spanning from near equivalence to almost completely disjoint be-
haviour); and two of the five agents (Codex and Claude Code) are
each dominated by a single repository (> 83% of their self-resolved
conflicting merges in each case), so their per-agent profile reflects
the dominant repository’s workflow, not the agent.

The remainder of the paper is organized as follows. Section 2
presents background, Section 3 discusses related work, Section 4
describes our methodology and pipeline, Section 5 reports results
for each RQ, Section 6 discusses implications, Section 7 addresses
threats to validity, and Section 8 concludes.

2 Background

This section introduces the mechanics of merge conflicts and the
human-centric taxonomy of resolution strategies that our study
reuses and extends to Al coding agents.

2.1 Software Merging and Merge Conflicts

Collaborative development relies on branching, whereby developers
work in parallel and later reconcile their contributions via merg-
ing [29]. Textual three-way merge, as implemented in tools such
as git merge, automatically combines non-overlapping edits and
reports a conflict when changes overlap [14, 22, 29]. The diff3 out-
put additionally preserves the common ancestor between | | ||| ]|

and =======, providing a three-way view on which subsequent
analyses can rely [18, 19].

Merge conflicts are frequent and time-consuming. Ghiotto et al.
[22] inspected 960,366 merge scenarios across 2,731 Java projects
and found that 11.9% resulted in at least one conflict; comparable
rates (10-20%) have been reported in other ecosystems [26, 38].
Vale et al. [38] surveyed developers and identified four recurring
challenges: understanding the conflict, deciding on a resolution,
dealing with tooling, and coordinating with teammates. Nelson
et al. [30] complemented these findings with a life-cycle perspec-
tive, characterizing the understand-plan-resolve—verify workflow.
Beyond line-based merging, semistructured approaches [1, 5, 14]
reduce spurious conflicts, while proactive approaches [9, 25] warn
developers in advance. Finally, Boll et al. [7] showed that 87.9% of
conflicting chunks follow a small, language-agnostic catalogue, sug-
gesting that semi-automation may be more feasible than previously
assumed.

2.2 Conflict Resolution Taxonomy

Ghiotto et al. [22] introduced the canonical taxonomy that classifies
each resolved chunk by comparing the merged text against the two
conflicting versions (v1, v2): the developer may adopt one version
verbatim (V1, V2), concatenate both sides in either order (Concate-
nation), interleave lines from both (Combination), write content
absent from both sides (New Code), or resolve to an empty region
(None). Across the 175,805 Java chunks they studied, V1 accounts
for 50% of the resolutions, V2 for 25%, New Code for 13%, Combi-
nation for 9%, and Concatenation for 3%. A very small percentage
(0.07%) of the resolutions were classified as None. We adopt this
taxonomy, which gives us six classifiable labels (V1, V2, CC, CB,
NC, NN), directly comparable to the human baseline.
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3 Related Work

We now turn to the two bodies of work our study bridges: au-
tomated approaches to merge conflict resolution, and empirical
characterizations of Al coding agents as software contributors.

3.1 Automated Merge Conflict Resolution

ML-based resolvers have matured along two paradigms, both fo-
cused on how a conflict should be resolved rather than who authored
the conflicting code. This is the distinction our own attribution-
focused study is built around. The classification paradigm (e.g., DEEP-
MERGE [18] and MERGEBERT [37]) trains models to select a strategy
label. The generation paradigm (MERGEGEN [19], CHATMERGE [36])
synthesizes resolution text directly, capturing New Code resolutions
that label-pickers cannot emit. Search-based approaches (SBCR [10],
Campos Junior et al. [11]) recommend resolutions using lines al-
ready present in the conflicting versions, and further specialized
methods include template-based synthesis [33] and data-mining
recommenders (MESTRE [21], RPREDICTOR [3]). A related line of
work targets conflict prediction rather than resolution, warning
developers before a conflict occurs [8, 32, 35]; since prediction does
not itself resolve a conflict, we do not discuss it further here. These
resolvers are natural complements to our findings: as we show in
Section 5.2, humans currently resolve the vast majority of agent-
authored conflicts, so an ML-based resolver is a plausible candidate
to absorb part of that remaining burden, particularly for the short,
low-complexity conflicts that dominate our corpus (Section 5.1).

Research Gap. All the studies above treat humans as the im-
plicit resolvers. No prior work has separated Al-performed from
human-performed conflict resolutions on Al-authored branches,
characterized how individual coding agents differ in their resolu-
tion strategies, or examined how robust an aggregate agent-versus-
human contrast is to the per-agent or per-repository composition
of the corpus. Our work fills these gaps by reusing Ghiotto et al.
[22] taxonomy on a population of merges that only became possible
after the recent rise of autonomous coding agents and by reporting
per-agent contrasts and explicit robustness checks alongside the
aggregate.

3.2 AI Agents in Software Development

The past two years have seen the emergence of autonomous coding
agents that act as first-class contributors on GitHub. Li et al. [27]
label this regime Software Engineering 3.0, in which agents open
branches, write code, run tests, and submit pull requests reviewed
by humans or other agents. Peng et al. [34] reported a 55% speed-
up in a randomized controlled trial of GitHub Copilot, and Wang
et al. [39] survey LLM-based agent architectures and benchmarks,
prominently SWE-BENCH [24].

Empirical studies of these agents remain scarce. Li et al. [27, 28]
characterize agentic PRs along dimensions such as acceptance rate,
size, and review turnaround, but do not examine how branches are
integrated. Ogenrwot and Businge [31] study simulated merges
between the PR head and base commits to count conflicts, but do
not examine the resolutions adopted by the developers (human or
Al). Earlier studies of bot-authored PRs [4] established the method-
ology for studying bot contributions, but modern agents synthesize
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open-ended code rather than applying fixed templates, warrant-
ing dedicated study. We complement this prior work by analyzing
merge commits within PR branches, distinguishing AI- from human-
driven resolutions, and applying the human-centric taxonomy at
the per-agent level rather than only on the aggregate.

3.3 The AIDev and AgenticFlict Datasets

Two datasets currently underpin empirical research on Al coding
agents, but neither captures how conflicts are actually resolved.
AlIDev [28], the official dataset for the MSR Challenge 2026, cat-
alogues 932,791 PRs opened by five agents (Claude Code, Codex,
Copilot, Cursor, Devin) across 116,211 repositories and 72,631 de-
velopers. The data are mined from the GitHub Archive and include
rich PR-level metadata (title, body, diff summary, state, base_oid,
head_oid, merged_at), but no information about merge conflicts or
their resolution. While prior work has extensively analyzed AIDev,
we are not aware of studies that analyze merge resolution behaviour
within Al-authored PRs or characterize agent-specific strategies.
AgenticFlict [31] extends AIDev by locally cloning each repos-
itory and running a git merge between the PR’s base_oid and
head_oid, identifying 29,609 conflicting PRs (27.67% rate) and 336,380
conflict regions. This shows that conflicts in agent-authored code
are frequent and non-trivial, but it has two limitations that mo-
tivate our work: (i) the conflicts are simulated from the PR’s tip
commits and sometimes may not correspond to a real merge ever
committed, so there are no resolutions to study; and (ii) no resolver
actor exists in the simulated setup, so Al and human cannot be
distinguished in integrations. Our study addresses both gaps from
AlDev directly: we look inside each PR branch for real two-parent
commits (“internal merges”), reproduce them with git merge and
diff3 output, localize the accepted resolution for every conflicting
chunk, and attribute each resolution to the merge committer.

4 Methodology

This study employs a five-stage pipeline, illustrated in Figure 1,
that progresses from raw pull request data to the classification and
analysis of merge conflict resolutions. We begin with the AIDev
dataset, filter and reconstruct commit histories for in-scope pull
requests, extract and deduplicate internal merge commits, and re-
produce these merges to obtain fine-grained conflict chunks. These
reconstructed conflicts are then localized within the resolved code
and analyzed through strategy classification and resolver attribu-
tion. Each stage of this pipeline corresponds to one component of
Figure 1 and is described in detail below.

4.1 Data Source

Our study is scoped to the full AIDev catalogue [28] (approximately
932,000 PRs from five agents across over 116,000 repositories). We
consider PRs in all states (merged, closed, open); restricting to merged
PRs would bias toward histories rewritten by rebase or squash-
merge and drop the intermediate merge commits we want to study.

We target the same five representative agents used in AIDev: An-
thropic’s Claude Code, OpenAr’s Codex, GitHub’s Copilot (agen-
tic mode), Cursor, and Cognition’s Devin. Each authors commits
under a distinctive bot identity (e.g., claude[bot], copilot[bot],
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devin-ai-integration[bot]), which makes attribution possible
at scale.

4.2 PR Filtering and Commit Retrieval

The per-PR commit data needed to locate internal merges is not
shipped with AlDev, so we produce it ourselves by fetching
refs/pull/*/head for every in-scope repository and enumerating,
per PR, the commits between the fork-point with the base branch
and the PR tip.

Applying this procedure yields a universe of 210,902 in-scope PRs
across 57,582 repositories; the complete SHA list could not be found
for 25,571 of these PRs (12.1%), mostly because of disconnected
histories (20,439) or PR head references no longer reachable (5,132),
leaving 185,331 PRs with a fully recoverable commit history for the
merge-extraction stage that follows.

4.3 Merge Extraction and Deduplication

For each PR, we identify merge commits (commits with exactly
two parents). These are merges created to bring upstream changes
into the feature branch, distinct from the single “integration merge”
that GitHub creates when a PR is accepted. We exclude octopus
merges (three or more parents), following Ghiotto et al. [22], and
the GitHub integration merge itself: any two-parent commit whose
message matches *Merge pull request #d+ (case-insensitive)
is filtered out, since GitHub’s pre-merge already check them for
conflicts before integration. This step excluded 70,042 integration-
merge SHAs and 93 octopus-merge SHAs.

Merge-level deduplication. In the commit graph of Git, a merge
commit is a first-class object that can be reachable from multiple
branch tips. Consequently, the same merge commit may appear
in the head histories of several PRs on GitHub (e.g., due to force-
pushes, PR re-openings, branch reuse, or cross-branch merges),
causing naive PR-scoped indexing to overcount the same artefact
by attributing it to each PR in whose history it is reachable. To
eliminate this duplication, we define merge- and chunk-level statis-
tics using PR-independent natural keys: (repository, merge SHA)
for merges and (repository, merge SHA, file path, chunk index)
for chunks, so that each merge commit is counted exactly once
regardless of how many PRs reference it.

Applying this deduplication reduces 452,114 raw PR-level merge
references to 50,700 distinct merge commits; in the most extreme
case, a single merge commit is reachable from 848 distinct PRs.
Overall, only 12,299 PRs (5.8% of the in-scope PRs) contain at least
one internal merge.

4.4 Conflict Reconstruction

Conflict extraction via three-way merge. For each merge com-
mit with parents p; and p;, we compute the merge base (b =
merge-base(py, pz)) and identify files modified on both sides using
git merge-tree. For each such file, we reproduce the three-way
merge using:
git merge-file -p --diff3 pl1_file base_file p2_file

We parse the resulting diff3 output to extract individual con-
flict chunks, each delimited by <<<<<<<, | ||| ||| , =======, and
>>>>>>> markers. Each chunk produces three text regions: v1 (from
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210,902
in-scope PRs

~932k Pull Requests
(AlIDev dataset)

452,114 raw merge
refs — 50,700
unique merges
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Conflict chunks via
3-way merge (diff3)
— 75,752 chunks

Resolution strategies
+ resolver attribution

Figure 1: Overview of the data collection and analysis pipeline.

p1), base (from b), and v2 (from p,). For each chunk we also record
the non-blank line count of each side, computed after trimming
whitespace, consistent with Ghiotto et al. [22] normalization.

Resolution localization. For each conflict chunk, we retrieve the
resolved file from the merge commit and apply the LocaLizEREs-
ReGION algorithm of Dinella et al. [18], which isolates the specific
resolution text by anchoring on the unique textual context (prefix
and suffix) surrounding the conflict region in the three-way merge
output. If unique anchors cannot be found, the chunk is marked
Imprecise. Dinella et al. [18] validated the algorithm on 174 conflict
regions from 50 randomly selected merges and found 100% correct
localization (95% CI: [0.979, 1.0]); we use it on this basis. We also
record the non-blank line count of the resolution text.

A potential confound is a differential Imprecise rate across re-
solver types: if localization fails at different rates for agent- and
human-resolved chunks, the observed strategy distributions may
not be directly comparable. To bound this effect, we conduct a
sensitivity analysis that reassigns all Imprecise chunks to V; (up-
per bound for V; dominance) or to NC (lower bound), and assess
whether the per-agent contrasts survive across both extremes. The
results of this analysis are reported in Section 7.

4.5 Analysis and Classification

Resolution strategy classification. We classify each resolved chunk
into one of six resolution strategies, following the taxonomy of
Ghiotto et al. [22], by comparing the normalized resolution text
against both conflict sides:

e V1/V2: The resolution is identical to one side of the conflict.

e CC (Concatenation): The resolution is the concatenation of
both sides in either order (we fold both orderings into CC to
stay comparable with Ghiotto et al. [22]).

e CB (Combination): The resolution interleaves lines from both
sides without introducing new lines.

o NC (New Code): The resolution introduces content not present
in either side.

o NN (None): The resolution is empty.

e Imprecise: The resolution could not be reliably isolated
(Section 4.4) and is kept as a separate bucket to avoid silent
misclassification.

Because Ghiotto et al. [22] do not report an Imprecise bucket,
RQ2 distributions are reported over the six classifiable labels, with
the Imprecise share stated separately.

File-Path categorisation. To condition the strategy analysis on
what kind of file each conflict occurs in, we assign each conflicting

file to one of six mutually exclusive categories using a deterministic,
priority-ordered heuristic applied to the repository-relative file path.
The categories and their matching rules are as follows, applied in
the order listed (the first matching rule wins):

o lock: the file’s basename exactly matches one of 16 known
dependency lock-file names across all major ecosystems
represented in the dataset: package-lock. json,
yarn.lock, pnpm-lock.yaml, npm-shrinkwrap. json,
Pipfile.lock, poetry.lock, uv.lock, Gemfile. lock,
composer.lock, Cargo.lock, go.sum, mix. lock,
flake. lock, pubspec.lock, Podfile. lock, and
bun.lockb.

o generated: the file path ends with one of the suffixes
.min.js, .min.css, .bundle. js, .map, or .snap; or the
path traverses a known build-output or dependency
directory (dist/, build/, out/, node_modules/, vendor/,
target/, coverage/, __pycache__/, .next/, .nuxt/,
.cache/, or .parcel-cache/).

e doc: the file extension is one of .md, .rst, . txt, or .adoc.

o config: the file extension is one of . json, .yaml, .yml, . toml,
.ini, .cfg, .conf, or .env.

e migration: the file extension is .sql or the path contains a
/migrations/ or /migration/ segment.

e source: all remaining files, treated as source code.

The heuristic uses both the file name and path. Its known lim-
itation, that some files (e.g., package. json in a monorepo) can
be functionally generated artefacts yet fall into config rather than
generated, is discussed in Section 7.

Resolver attribution. We determine who resolved each conflict
from the author metadata of the merge commit, using a substring/-
suffix heuristic over the author login:

e Agent: the login ends in [bot], or contains any of copilot,
devin, claude, cursor, openai.

e Agent-assisted: the login does not match Agent, but a
Co-authored-by: trailer in the commit message does.

e Human: neither the login nor a co-author trailer matches.

The PR-authoring agent is recorded separately, taken from AIDev’s
bot-account mapping [27, 28], and is distinct from this resolver label.
When per-agent strategy distributions are reported (Section 5.3.1
onward), we restrict to chunks where the resolver is Agent and
proxy the specific agent identity with the PR-authoring agent (i.e.,
we assign the resolving agent to whichever agent authored the PR).
This proxy can misattribute a chunk if a different agent commits
inside an already-open PR; the known failure modes are discussed
in Section 7.
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Analyses per research question. For RQ1, we report the distri-
bution of resolver type (agent-resolved, agent-assisted, human-
resolved) at the merge-commit level, globally and per agent. For
RQ2, we report the relative frequency of each resolution label
(V1, V2, CC, CB, NC, NN) at the chunk level for each agent and
for the human-resolved subset, with the Imprecise share reported
separately. We then test the heterogeneity of the strategy distribu-
tion across agents by (i) comparing each agent against the human-
resolved subset of our own corpus, (ii) running pairwise agent-
against-agent contrasts with Holm-corrected p-values across the
ten agent pairs, and (iii) stratifying each agent’s strategy distri-
bution by conflicting file category (source, lock, config, generated,
doc, migration). We complement these contrasts with a per-agent
repository-concentration analysis (top-1 repo share among self-
resolved merges) and a focused case study of the two most concen-
trated agents.

Baseline calibration. The strategy distribution of the 65,798
chunks resolved by humans in our own corpus matches the Java
baseline of Ghiotto et al. [22] to within five percentage points on
every strategy (V;: 45.1 vs. 50.0; V3: 26.0 vs. 25.0; CC: 6.8 vs. 3.0;
CB: 9.9 vs. 9.0; NC: 11.4 vs. 13.0; NN: 0.7 vs. 0.0). On this basis, the
human-resolved subset of our corpus is used throughout the paper
as the single human reference distribution, as it is in the same con-
text of the agent-resolved and agent-assisted subsets; comparisons
against Ghiotto et al. [22] are not revisited in the results.

Statistical analyses. All proportions are reported with 95% Wil-
son confidence intervals [40]. For association between categori-
cal variables (RQ1, RQ2) we use chi-squared tests with the bias-
corrected Cramér’s V [6] as primary effect-size metric. Cramér’s V
ranges from 0 (independence between the two distributions) to
1 (perfect association), with conventional interpretation thresh-
olds of V<0.10 (weak), 0.10-0.30 (moderate), and >0.30 (strong). At
n~60,000, even small deviations from independence yield extremely
small p-values, making statistical significance less informative than
effect size [2, 17], so magnitude carries more information than
significance. Conflict chunks within the same merge and reposi-
tory are not fully independent, so p-values are anti-conservative;
effect sizes (V) should therefore be interpreted cautiously as poten-
tially inflated. For per-merge structural distributions (e.g., chunks
per merge) we use Kruskal-Wallis with post-hoc Dunn tests [20]
with Holm-adjusted p-values [23]; effect sizes are Cliff’s § [15]
since distributions are right-skewed. Cramér’s V is computed as a
descriptive measure of association regardless of sample size, but
the chi-squared p-value is reported only when its distributional
assumptions hold (rule of thumb: no more than 20% of category
combinations have expected counts below five [16]). When this
criterion is not met, V is still reported but no p-value is given and
the pair is excluded from the Holm correction procedure.

5 Results

This section presents the findings of our study, beginning with a
high-level characterization of the dataset (Section 5.1) that estab-
lishes the frequency and structural properties of internal merge
conflicts. We then address RQ1 by quantifying the extent to which
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Table 1: Dataset overview (after merge-level deduplication).

Metric Count Share
Repositories 4,806 —
PRs with > 1 internal merge 12,299 —

PRs with > 1 conflicting merge 7,268 59.1% of PRs
Internal merge commits (dedup.) 50,700 —

Conflicting merge commits 14,960  29.5% of merges
Conflict chunks 121,599 —
Chunks with localized resolution 83,043 68.3% of chunks

of which: Postponed 7,291  6.0% of chunks

Resolved chunks 75,752 62.3% of chunks

agents autonomously resolve these conflicts versus relying on hu-
man intervention (Section 5.2). Finally, in RQ2, we analyze the
specific resolution strategies employed by agents, examining how
their behaviors diverge from human baselines and investigating the
influence of repository-specific patterns on these outcomes (Section
5.3).

5.1 Dataset Overview

After merge-level deduplication, our pipeline covers 50,700 distinct
internal merge commits authored inside the 12,299 PRs across 4,806
repositories (Table 1). Of those merges, 14,960 (29.5%) produce at
least one textual conflict, yielding 121,599 conflict chunks. At the
PR level, 12,299 PRs (5.8% of all in-scope PRs) contribute at least
one internal merge and 7,268 (3.4%) contain at least one conflicting
merge, indicating that internal merges are the exception rather
than the rule in agent-authored PRs and that conflicts, when they
do arise, cluster inside a comparatively small slice of the dataset.
The resolution-localization algorithm of Dinella et al. [18] uniquely
identifies the resolution region for 83,043 of the 121,599 chunks
(68.3%); the remaining 38,556 (31.7%) failed to find unique anchors
and are kept as Imprecise. Within the localized chunks, 7,291 (6.0%
of all chunks) are Postponed: localization succeeded but the com-
mitted file still contained unresolved conflict markers (<<<<<<x,
=======, >>>>>>>), meaning the conflict was committed without
being resolved. We fold Postponed into the analytical Imprecise
bucket alongside anchor failures (combined 45,847 chunks, 37.7%)
to avoid silent misclassification; the Postponed sub-category is an-
alyzed further in Section 5.3.3. The remaining 75,752 chunks, for
which a resolution could be found, constitute the dataset used in
all subsequent analyses.

Structural shape of the conflict data. For context, conflict size in
internal merges from agent-authored PRs is heavily right-skewed
(Figure 2). Across the 14,960 conflicting merges, the median number
of chunks per merge is 2, the 75th percentile is 4, the 90th is 10,
but the mean is 8.13 because the tail reaches 9,791 chunks in a
single merge; excluding that one merge, the mean drops to 7.47
chunks per merge (111,808 chunks across the remaining 14,959
merges), so the reported mean is not driven by a broad heavy tail but
primarily by this single outlier. Per-chunk side sizes are similarly
small (median v;=3 LOC, v,=2 LOC, resolution 1 LOC), with a
heavy tail (99th percentile 275, 150, 1,407 LOC respectively). The
merge-level conflict incidence, i.e., the fraction of internal merges
that produce at least one textual conflict, ranges from 10.5% (PRs
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Figure 2: Size distributions in internal merges from agent-
authored PRs (outliers omitted for clarity). Left: number of
conflicting chunks per merge commit (conflicting merges
only, n=14,960). Right: non-blank LOC for the v;, v;, and res-
olution sides of the 75,752 localized and resolved conflict
chunks.

Table 2: Scope and conflict incidence by PR-authoring agent.
Rate is the fraction of internal merges that produce at least
one textual conflict, computed as Conf. merges / Int. merges
per agent.

Agent PRs Int. merges Conf. merges Rate
OpenAl Codex 8,984 29,250 11,684 39.9%
Copilot 1,670 17,216 1,809 10.5%
Devin 814 2,369 763  32.2%
Cursor 551 1,013 484 47.8%
Claude Code 280 852 220 25.8%

authored by Copilot) to 47.8% (PRs authored by Cursor), a more
than 4Xx spread (Table 2). A Kruskal-Wallis test on the number
of conflicting chunks per conflicting merge across the different
PR-authoring agents yields H=92.1 (p<0.001), with all post-hoc
Dunn pairwise effects negligible to small (Cliff’s §<0.17); structural
differences across the different PR-authoring agents are detectable
but not practically large, and serve mainly as context for the strategy
heterogeneity examined in RQ2.

5.2 RQ1: Who Resolves the Conflicts?

Overall resolver distribution. Although we observed 14,960 con-
flicting internal merges in agent-authored PRs, most of these were
actually merged by humans: 14,381 (96.1%). Just 462 (3.1%) were
merged by the agent and 117 (0.8%) are agent-assisted, i.e., merges
where an agent-authored trailer (e.g., Co-authored-by:
devin-ai-integration[bot]) appears alongside a human com-
mitter. Even when an internal merge within an agent-authored
PR produces a conflict, requiring an explicit resolution, the integra-
tion step remains overwhelmingly human-led: humans perform the
merge in about 96% of the cases.

Per-agent contingency. Table 3 cross-tabulates the PR-authoring
agent against the resolver of internal merge conflicts. We observe
substantial variation in autonomy across agents: Devin exhibits
the highest self-resolution rate (29.4%, 224/763), followed by Cur-
sor (8.9%, 43/484), Copilot (6.7%, 122/1,809), Claude Code (5.5%,
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Table 3: Resolver of the conflicting internal merges by PR-
authoring agent.

PR author # Human # Assisted # Agent # Total
Devin 537 2 224 763
Cursor 437 4 43 484
Copilot 1,684 3 122 1809
Claude Code 155 53 12 220
OpenAlI Codex 11,568 55 61 11,684
Total 14,381 117 462 14,960

12/220), and OpenAl Codex (0.5%, 61/11,684). Claude Code stands
out in terms of interaction mode, being the only agent with a siz-
able assisted share (24.1%, 53/220); whereas assisted resolutions
remain below 1% for all others. When considering the composi-
tion of the agent-resolved pool (n = 462), the distribution is highly
concentrated: Devin and Copilot together account for 74.9% of all
agent-resolved conflicting merges (224 and 122 cases, respectively).
Notably, this dominance occurs despite OpenAl Codex contributing
the largest volume of total merges, indicating that high usage does
not translate into autonomous conflict resolution.

Statistical tests. A chi-squared test of independence between the
resolver type (agent / human / agent-assisted) and the PR-authoring
agent over the 14,960 conflicting merges yields y*(8)=3,724.5,
p<0.001, Cramér’s V=0.35 (strong effect), confirming sharp het-
erogeneity in resolver propensity across the five agents. Per-agent
Wilson 95% CIs on the self-resolution rate clearly separate Devin
(29.4%, [26.2%,32.7%]) from Cursor (8.9%, [6.7%, 11.8%]), Copilot
(6.7%, [5.7%,8.0%]), Claude Code (5.5%, [3.1%, 9.3%]), and Codex
(0.5%, [0.4%,0.7%]). The agent-assisted bucket is dominated by
Claude Code (24.1%, [18.9%, 30.2%]); for the other four agents the
assisted CI is below 1%.

Finding 1. Conflict resolution in agent-authored PRs is over-
whelmingly human-driven: of the 14,960 conflicting internal
merges, 96.1% are committed by a human and only 3.1% by the
agent itself. Vendor practices vary nearly 60X in self-resolution
rate, from Codex (0.5%) to Devin (29.4%); Claude Code is the
only agent with a substantial agent-assisted share (24.1%), con-
firming an explicit pair-programming usage mode.

5.3 RQ2: How Do Agents Resolve Their Own
Merges?

We now turn to the strategy distribution within the filtered set
of 75,752 classified chunks (Table 1). Our analysis focuses on the
8,979 chunks resolved by agents withing agent-authored internal
merges, while treating the 65,798 human-resolved chunks as a ref-
erence baseline; an additional 975 chunks were resolved through
human-agent collaboration. We first present per-agent and pair-
wise contrasts (Section 5.3.1), then show that two of the five agents
are each dominated by a single repository whose pattern shapes
their entire profile (Section 5.3.2), and finally examine the asym-
metry in unresolved-marker commits between agents and humans
(Section 5.3.3).
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Table 4: Resolution strategy distribution per resolver type.
n is the number of resolved chunks. “Agents (autonomous)”
aggregates the five per-agent rows; “Agents (assisted)” covers
merges with a human committer plus an agent trailer (pre-
dominantly Claude Code’s pair-programming usage; 743 of
the 975 assisted chunks are on Claude Code PRs). The three
groups together account for the 75,752 resolved chunks of Ta-
ble 1.V is the bias-corrected Cramér’s V effect size computed
against the human reference row; higher V indicates greater
divergence from the human strategy distribution. The ’'NN’
(None) strategy is omitted from this table as it accounts for a
negligible fraction of the resolutions (e.g., 0.7% for humans).

Resolver n i V, CC CB NC \%4
OpenAl Codex 6,695 99.9% 0.1% 0.0% 0.0% 0.0% 0.32
Devin 1,235 19.8% 55.5% 5.2% 7.9% 11.5% 0.09
Copilot 776 159% 41.1% 5.5% 13.0% 23.5% 0.07
Cursor 165 21.8% 50.9% 2.4% 12.7% 11.5% 0.03
Claude Code 108 57.4% 36.1% 09% 19% 3.7% 0.02
Agents (autonomous) 8,979 79.7% 12.6% 12% 2.5% 3.9% 0.23
Agents (assisted) 975 36.5% 37.9% 6.4% 7.9% 11.4% —
Humans 65,798 45.1% 26.0% 6.8% 9.9% 11.4% —

5.3.1 Per-agent heterogeneity. We begin by comparing the three
resolver groups at the aggregate level: autonomous agents (the
union of all five), agent-assisted, and humans. Considered as a
single block, autonomous agents (n = 8,979 chunks) differ from hu-
mans (n = 65,798) with Cramér’s V=0.23, a moderate effect: agents
lean far more heavily on V; (79.7% vs. 45.1% for humans) and pro-
duce noticeably fewer NC (3.9% vs. 11.4%) and CB (2.5% vs. 9.9%)
resolutions. Agent-assisted resolutions (n = 975 chunks), by con-
trast, are almost indistinguishable from human behavior (V=0.032),
with V; and V, nearly balanced at 36.5% and 37.8% respectively,
and an NC share of 11.4% matching humans exactly. The contrast
between autonomous agents and agent-assisted is itself substantial
(V=0.30), revealing that the presence of human co-authorship and
final commit decision dramatically reshapes the resolution strategy.

This aggregate reading, however, does not survive disaggrega-
tion. Decomposing the autonomous-agent block into its five con-
stituents (top rows of Table 4) reveals that the agents do not share
a common strategy. The V column reports the per-agent Cramér’s
V against the human reference, which ranges over more than an
order of magnitude across the five agents. OpenAl Codex stands at
one extreme with 99.9% V; on 6,695 chunks and a strong effect size
(V=0.32), indicating its difference from the humans’ distribution is
large; this extreme uniformity is an outlier that Section 5.3.2 traces
back to a single repository’s bulk version-bump workflow. The
other four agents differ substantially: Claude Code sits closest to
humans on the V; axis (57.4% vs. 45.1%) with V=0.02, while Devin,
Copilot, and Cursor invert the polarity and lean toward V, (V; be-
tween 41% and 56% vs. 45.1% for humans) with weak effect sizes
between 0.03 and 0.09. The takeaway is that these four agents do
not even share a common direction of deviation from humans; some
over-pick Vj, others over-pick V5, and all do so weakly, so they can-
not be summarized by a single “agent profile” The moderate V=0.23
for the autonomous-agents block is therefore a property of corpus
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Table 5: Pairwise strategy contrasts between agents. Effect
size (V) measures the degree to which two agents’ resolution
strategies diverge from each other: Strong (V>0.30) means
the two agents resolve conflicts in substantially different
ways; Moderate (0.10-0.30) indicates noticeable but not over-
whelming divergence; Weak (V' <0.10) indicates near-identical
strategy distributions. py, is the Holm-corrected p-value (over
9 testable pairs). Gray text marks the only non-significant
pair.  p-value not reported: chi-squared assumptions are
violated (6 of 10 agent-strategy combinations have expected
counts <5) due to the extreme sample-size imbalance (n=108
vs. n=6,695); V is still reported as a descriptive measure.

Agent pair Effect size (V) Ph
Copilot X OpenAl Codex Strong (0.90) <1071
Devin x OpenAl Codex Strong (0.87) <1071
Cursor X OpenAl Codex Strong (0.85) <1071
Claude Code X OpenAl Codex  Strong (0.60) na.’
Claude Code x Cursor Strong (0.37) 2.2x1077
Claude Code x Copilot Strong (0.35)  1.1x107%

Claude Code x Devin
Copilot x Devin
Copilot x Cursor
Cursor X Devin

Moderate (0.24) 1.0x10713

Moderate (0.20) 5.7x10717

Moderate (0.12) 0.006
Weak (0.06) 0.074

composition rather than a population-level claim: Codex’s 6,695
chunks dominate the union by an order of magnitude over each of
the other agents. Likewise, the agent-assisted row that appeared
to “interpolate” between agents and humans is in fact dominated
by Claude Code PRs (743 of 975 resolved chunks), consistent with
Finding 1 that Claude Code is the only agent with a non-negligible
explicit pair-programming usage.

Pairwise contrasts. Table 5 reports Cramér’s V for the ten pair-
wise agent-against-agent strategy contrasts, with Holm-corrected
p-values for the nine pairs where chi-squared assumptions hold.
The Claude Code X Codex pair is excluded from significance testing:
the extreme sample-size imbalance (n=108 vs. n=6,695) results in
too few expected observations in 6 of the 10 possible agent-strategy
combinations (expected count <5), violating chi-squared assump-
tions; so V=0.60 is reported as a descriptive measure only. Codex
differs strongly from every other agent (V between 0.60 and 0.90),
confirming its outlier status. Among the remaining four agents,
Cursor and Devin are the only statistically indistinguishable pair
(V=0.06, prornm=0.074); the rest sit in the moderate range (V between
0.12 and 0.37) and remain significant after Holm correction.

File-category conditioning. Part of the per-agent heterogeneity
is driven by file-type composition rather than resolution strategy
alone. Table 6 reports the per-agent file-category breakdown of self-
resolved chunks, which reveals distinct specializations: OpenAl
Codex is 98.4% config (predominantly package. json); Copilot is
59.5% lock files (pnpm-lock.yaml, package-lock.json,
yarn.lock); Devin is 61.1% source and 31.8% lock; Cursor is 78.8%
source; Claude Code is 99.1% source. Within lock files, agents over-
whelmingly select V, (Copilot 88%, Devin 84% of resolved lock-file
chunks), consistent with the convention of accepting upstream-
regenerated locks. Within source files the per-agent profiles largely
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Table 6: File-category of self-resolved chunks per agent (%).

Agent Source Lock Config Generated Doc Migration
OpenAlI Codex 0.1% 0.6% 98.4% 08% 0.0% —
Copilot 32.2% 59.5% 5.3% — 3.0% -
Devin 61.1% 31.8% 4.7% - 2.2% 0.2%
Cursor 788% 2.4%  4.8% — 13.9% -
Claude Code 99.1% - 09% - — —

converge. The V; bias reported in Table 4 for Copilot and Devin
therefore reflects file-type composition in part, rather than differ-
ences in source-level merge behaviour.

Finding 2. The five agents do not share a common resolu-
tion approach. Per-agent contrasts against the human refer-
ence range from indistinguishable from humans (Claude Code,
V'=0.02) to strongly divergent (Codex, V'=0.32); pairwise inter-
agent contrasts span from indistinguishable (Cursor vs. Devin,
V'=0.06, the only pair to fail Holm-corrected significance) to
nearly disjoint (Copilot vs. Codex, V=0.90). Part of this hetero-
geneity is driven by file-type composition: Copilot processes
mostly lock files (59.5%) while Devin splits between source
(61.1%) and lock files (31.8%), and lock files mechanically re-
solve V.

5.3.2  Single-repository concentration as a confound. The Codex
outlier in Table 4 is not, in fact, a generic “Codex picks V;” behaviour.
Of the 61 Codex self-resolved merges, 55 (90.2%) come from a single
repository, the BlazingSu/nocobase monorepo, and exhibit a near-
identical profile: median 121 chunks per merge, 99.9% Vi, ~92% one-
line chunks. The dominant path within those merges is consistently
packages/core/app/package. json: a single file edited in ~ 121
regions, each of which is a one-line dependency-version bump (e.g.,
"package-X": "*1.2.3" on one side, a different version on the
other), resolved by taking the agent’s side (V;) verbatim. These 55
merges have distinct SHAs that modify different version strings and
so cannot be collapsed further by deduplication; they contribute
6,683 of Codex’s 6,695 self-resolved chunks (99.8%), and roughly
74.4% of all agent-resolved chunks in the entire corpus.

The same pattern applies to Claude Code at smaller scale. Of the
12 Claude Code self-resolved merges, 10 (83.3%) come from a single
repository, itdojp/ITDO_ERP2, and concentrate in three Python
source files of an enterprise-resource-planning project
(test_users_extended.py, customer.py, budget.py). Table 7 re-
ports the top-1 and top-3 repository shares for each agent. Codex
and Claude Code are the only two agents with top-1 share above
80%; the other three operate across 36123 distinct repositories with
no single repository contributing more than 10% of their merges.
The interpretation is methodological: for agents with concentrated
samples, the per-agent strategy distribution is a property of the dom-
inant repository’s workflow, not a population-level claim about the
agent. The V=0.02 for Claude Code in Table 4 reflects 12 correlated
merges, not 12 independent observations of agent behaviour, and
we abstain from interpreting it as “Claude Code matches humans”.

The corresponding fragility of any aggregate that involves the
two concentrated agents is high. Removing only Codex’s
self-resolved chunks drops the aggregate agent-vs-human Cramér’s
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Table 7: Repository concentration of self-resolved merges per
agent. “Top-1 share” is the percentage of self-resolved merges
that originate from the agent’s most frequent repository.

Agent Merges Repos Top-1 Top-3
OpenAlI Codex 61 6 90.2% 95.1%
Claude Code 12 3 83.3% 100.0%
Cursor 43 36 9.3%  20.9%
Devin 224 123 5.4%  14.3%
Copilot 122 89  3.3% 9.8%

V from 0.227 to 0.108 (weak); also removing bulk merges and
lock / generated files brings it to 0.061. To rule out an “inherent
property of agent-authored conflicts” explanation, we look at how
humans resolve conflicts on Codex-authored PRs: the 48,617 re-
solved chunks committed by humans on Codex PRs follow the
human reference almost exactly (V; 44.0% vs 45.1%; V, 25.7% vs
26.0%; CC 7.7% vs 6.8%; CB 10.1% vs 9.9%; NC 11.5% vs 11.4%). The
Codex outlier is therefore a property of Codex’s resolution behaviour
on the nocobase monorepo, not of the conflicts those PRs produce.

Finding 3. Two of the five agents are concentrated in a single
repository: Codex (90.2% of self-resolved merges from
BlazingSu/nocobase) and Claude Code (83.3% from
itdojp/ITDO_ERP2). For these two agents, the per-agent dis-
tribution reflects the dominant repository’s workflow rather
than the agent itself. As a consequence, the per-agent conclu-
sions about Claude Code and Codex in Finding 2, in particular,
that Claude Code is indistinguishable from humans and that
Codex is strongly divergent, are less generalizable than they
may appear, since they derive predominantly from a single
repository’s patterns rather than from diverse agent behaviour.

5.3.3 Postponed: Agents Rarely Commit Unresolved Conflicts. Wi-
thin the Imprecise bucket, a qualitatively distinct sub-category
deserves separate attention: the 7,291 Postponed chunks (6.0% of
all chunks; 15.9% of all Imprecise). For these, the localization al-
gorithm did find a resolution region, but the committed file still
contained conflict markers (<<<<<<<, =======, >>>>>>>), meaning
the merge was committed without actually resolving the conflict,
leaving syntactically broken code in the repository. The Postponed
rate is strikingly asymmetric across resolver types: agent resolvers
produced only 69 Postponed chunks out of 9,048 agent-resolved
chunks (0.76%), compared to 7,190 out of 72,988 human-resolved
chunks (9.85%), a roughly thirteen-fold difference. Among agents,
the per-agent Postponed rate ranges from 0.58% (Devin) to 3.30%
(Claude Code), all well below the human rate.

Finding 4. Agent resolvers commit Postponed chunks (files
still containing conflict markers) at 0.76%, versus 9.85% for
humans, a 13x difference. The 7,291 Postponed chunks (6.0% of
all chunks) are syntactically broken code committed without
resolving the conflict, most of them authored by humans; a
CI-level grep would catch all of them.
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6 Discussion

Our results carry implications for two audiences. For researchers,
they argue against treating Al coding agents as a single class and
expose how single-repository concentration can drive corpus-wide
effect sizes in agent-attribution studies, with consequences for how
empirical claims about Al behaviour should be reported. For tool
designers and pipeline operators, they suggest where per-agent cali-
bration matters more than global heuristics, where to focus resolver-
assistance effort given the human-led nature of the task, and how
the asymmetry between agents and humans on unresolved-marker
commits opens cheap opportunities for CI-level safeguards. We
discuss each audience in turn.

6.1 Implications for Researchers

Against treating Al as a single object. A growing literature reports
performance numbers for “AI” on software-engineering tasks as
if the underlying systems formed a single class [24, 27, 34, 39],
possibly without distinguishing which agent (or which underlying
model) produced each output. Our results push back against that
framing in the specific case of merge-conflict resolution: even after
fixing the task, the same human reference, and the same time period,
the five agents we observed produce strategy distributions whose
pairwise distance covers nearly the full possible range of Cramér’s
V (from indistinguishable to nearly disjoint). We acknowledge that
the distinction between agent and underlying language model is
itself a confound that we cannot fully control: the same agent may
be backed by different model versions over time, and we have no
per-merge visibility into which model handled each commit. But
that confound strengthens rather than weakens the argument: if
the observed heterogeneity is at least partly downstream of model
choice, then aggregate “Al vs. humans” claims that paper over
both the agent and the model layers will be even less stable than
ours. For empirical Al-agent studies in software engineering, our
recommendation is to report behaviour at least at the agent level,
alongside the dominant repositories from which each agent’s data
is drawn (Section 5.3.2); we believe this is a precondition for any
external-validity claim about “what Al does.”

Methodological lesson on repository concentration. A secondary
contribution of this paper is methodological. At first glance, the
agent-resolved subset of 462 conflicting merges and 8,979 classi-
fiable chunks looks adequate for a contingency analysis, but two
of the five agents are dominated by a single repository: 90.2% of
Codex’s  self-resolved conflicting merges come from
BlazingSu/nocobase and 83.3% of Claude Code’s from
itdojp/ITDO_ERP2 (Table 7). Without surfacing that concentra-
tion, the aggregate V=0.23 and the per-agent V=0.02 for Claude
Code would both have read as population-level claims rather than
as properties of single repositories. Two practices generalize be-
yond this study: (i) report the most active repository per analysis
category when the study involves Al-agent attribution, since agen-
tic workflows can repeat the same scripted pattern thousands of
times within a single project, and (ii) stratify per-agent distributions
by file category, since file-type composition (especially the share
of lock files) drives a meaningful portion of the apparent strategy
heterogeneity.
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Asymmetric collaboration dynamics. Substantively, our data also
indicates that human-AlI collaboration on conflict resolution is cur-
rently asymmetric: agents author the branch, but humans resolve
the conflicts inside it in 96.1% of cases, mirroring earlier observa-
tions about bot-authored PRs [4]. Devin (29.4% self-resolution on
conflicting merges) and Claude Code (24.1% agent-assisted, plausi-
bly a pair-programming mode) deviate sharply from this baseline;
whether these collaboration patterns correlate with PR acceptance
and post-merge defect rates is left to future work.

6.2 Implications for Tool Design

Per-agent calibration over global heuristics. Because the per-agent
resolution profile varies by more than an order of magnitude in
Cramér’s V and is in part driven by what each agent worked on
(Copilot processes mostly lock files and Devin a non-trivial share
of them, where V5 is the conventional resolution; Codex on its dom-
inant repository collapsed to V; on package. json version bumps),
merge-assistance tools whose evaluation benchmarks or default
thresholds are derived from the union of all five agents will be
miscalibrated for any individual one. Vendors and pipeline opera-
tors should track per-agent strategy distributions, condition on file
category, and apply per-agent guardrails rather than treating the
agent population as a single entity.

Targeted resolver augmentation. Because humans perform 96.1%
of conflict resolutions and produce a richer strategy mix (11.4%
NG, 9.9% CB), merge-assistance tools should be designed primarily
for human reviewers; tools suggesting reference resolutions or
flagging semantically suspicious verbatim picks add the most value.
Conversely, the small agent-resolved share is highly predictable
in some configurations (e.g., Codex on bulk monorepo updates),
where a CI check that flags non-minimum-diff resolutions would
catch silent regressions cheaply.

Conflict-complexity triage. The median conflicting merge con-
tains only two chunks of 2-3 LOC on each side, well within the
range that automated resolvers [10, 18, 19, 37] handle reliably; the
heavy right tail justifies tiered escalation, with the extreme tail
routed to human reviewers. The per-agent rates (Table 2) suggest
tuning this triage per agent.

Agents rarely commit unresolved conflicts. Agents commit Post-
poned chunks in only 0.76% of resolutions, against 9.85% for hu-
mans, a 13X asymmetry. The likely explanation is that agents typ-
ically execute within scripted workflows that programmatically
verify absence of markers before committing, whereas humans may
commit under time pressure. Postponed commits are also the easi-
est failure mode to catch automatically (a grep for conflict markers
suffices), yet the 6.56% human rate suggests this check is far from
universal in CI pipelines for Al-authored PRs.

7 Threats to Validity

In this section, we discuss potential threats to the validity of our
study and the steps taken to mitigate them. We follow the taxon-
omy by Wohlin et al. [41] to organize these threats into construct,
internal, external, and conclusion validity.

Construct validity. Our pipeline replays three-way merges us-
ing git mergefile with the default diff3 algorithm; projects with
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custom merge drivers may therefore yield different conflict counts,
a limitation shared with prior large-scale studies [7, 22, 32]. When
a merge commit edits outside conflict boundaries, the LocALIZERES-
ReGION anchor may fail and the chunk is reported as Imprecise;
we report Imprecise rates explicitly. The classifier uses whitespace-
normalized resolution text following Ghiotto et al. [22], a standard
normalization in the literature [11, 21]. Our unit of analysis is the
internal merge commit, so we do not observe resolutions performed
via interactive rebase or branch abandonment; our results should
thus be interpreted as a lower bound on observed in-PR conflict
resolution activity. The path-category labels used in Section 5.3.2
(lock, generated, config, doc, source, migration) are basename- and
prefix-based heuristics that do not capture all build artefacts in
every ecosystem; consequently, file-type composition effects may
be misestimated. The packages/core/app/package. json pattern
that drives the Codex outlier illustrates that package. json can act
as configuration in some monorepos and as a generated artefact in
others.

Internal validity. Two attribution caveats apply to the per-
agent partition of Table 4. First, we use the PR-authoring agent
(from AlDev) as a proxy for the merge-committing agent: this is
exact under the canonical workflow where each agent commits
only inside its own bot-authored PRs, but inexact if a developer
invokes a different agent inside an already-open PR. Second, the sub-
string/suffix heuristic for the resolver (Section 4.5) introduces false
positives (generic automation bots such as kodiakhq[bot] and
mergify[bot], and human logins containing matching substrings
such as devinkeehner) and false negatives for agents commit-
ting under non-matching accounts. The dominant findings (Codex
single-repo concentration, the order-of-magnitude per-agent V
spread, the 13X Postponed asymmetry) are unlikely to be reversed
under reasonable levels of such misclassification; however, smaller-
n rows of Table 4 (Claude Code n=108, Cursor n=165, Copilot n=776)
should be interpreted with this noise in mind.

External validity. Our scope is the public-GitHub portion of
AlDev, so findings should not be extrapolated directly to private
repositories. The agent distribution is heavily skewed toward Codex
(approximately 76% of in-scope PRs); within the agent-resolved sub-
set, the Codex slice is itself dominated by one repository
(BlazingSu/nocobase), and we make no claim that other reposito-
ries using Codex would reproduce the same V; resolution collapse.
The five agents are the most prominent as of mid-2025, and our
baselines should be revisited as the ecosystem matures. Our pipeline
reaches 57,582 of the approximately 116,000 AIDev repositories; the
gap is primarily due to repositories or PR head references no longer
accessible at fetch time (private, deleted, or with refs that GitHub no
longer exposes). Within the reached repositories, 108 (0.2%) were
further lost to cloning failures, and 236,449 merge SHAs across
88,339 PRs were unrecoverable for the same reason. We have no
evidence of a systematic directional bias arising from these losses.

Conclusion validity. Conflict chunks exhibit intra-merge and
intra-repository dependence, so p-values are anti-conservative (i.e.,
Type I error may be inflated). We therefore emphasize effect sizes
(Cramér’s V and Cliff’s §) and do not treat p<0.05 alone as evidence
of practical importance. A more subtle threat is the differential Im-
precise rate across resolver types: 16.86% for agent-resolved chunks
versus 43.25% for human-resolved chunks, with two components:
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localization failure (16.1% vs. 33.4%) and Postponed cases (0.76%
vs. 9.85%, Section 5.3.3). The higher localization success for agents
is plausibly linked to their higher V; resolution rate, since V; res-
olutions exactly match one parent and are easier to anchor. This
differential may inflate the agent’s apparent V; dominance; however,
the sensitivity analysis in Section 4.4, which reassigns Imprecise
chunks under worst-case scenarios, bounds the agent-to-human
V; ratio at 1.24X-2.45X, indicating that the observed per-agent
contrasts are not artefacts of differential localization.

8 Conclusion

We presented the first large-scale empirical study of merge conflicts
in Al-authored pull requests that attributes each resolution to a
specific coding agent, recovering 50,700 internal merges (of which
14,960 conflicting) across 4,806 repositories from a 210,902-PR scope.
Three findings carry the most operational weight. First, conflict
resolution in agent-authored PRs is overwhelmingly human-led
(96.1% of conflicting merges), and the per-agent self-resolution rate
spans nearly 60X, justifying per-vendor rather than one-size-fits-
all review and CI policies. Second, the five agents do not share a
common resolution strategy: per-agent contrasts against the same
human reference range over an order of magnitude in Cramér’s V,
and Cursor vs. Devin is the only indistinguishable pair among the
ten. Third, two of the five agents are dominated by a single repos-
itory: 55 of the 61 Codex self-resolved merges are version-bump
patterns from BlazingSu/nocobase, and 10 of the 12 Claude Code
self-resolved merges come from itdojp/ITDO_ERP2. For these two
agents, the per-agent strategy distribution reflects the dominant
repository’s workflow, not the agent itself, illustrating that single-
repository concentration can drive corpus-wide effect sizes in Al-
agent attribution studies.

As future work, a longitudinal analysis would establish whether
the per-agent profiles and the single-repository concentration pat-
terns documented here are stable as agent populations and underly-
ing models evolve. A correctness assessment linking each resolution
to downstream test outcomes would quantify the practical cost and
implications of the per-agent strategy choices we report.
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