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Abstract

Al coding agents are rapidly reshaping software development prac-
tices, yet the research community still lacks a comprehensive under-
standing of how these agents collaborate with human developers
in real-world projects. To address increasingly contributing pull
requests (PRs), yet we still lack concrete evidence about how their
effectiveness varies across real-world software domains. To narrow
this gap, we conduct an in-depth empirical study on using AIDev,
the first open large-scale dataset of agent-authored pull requests
(Agentic-PRs). To support large-scale analysis, we employ a large
language model (LLM) to annotate PR domains and demonstrate
that its labels closely approximate human judgment. We build a
15-category domain taxonomy and evaluate whether LLM-based
domain annotation is reliable. Applying the taxonomy to 2,000
Agentic-PRs, we observe substantial domain differences: localized
changes such as language, observability, documentation, and fron-
tend show high merge rates about 70-80% and short review cycles
around 20-40 hours, while domains involving cross-component
dependencies or deeper semantics, e.g. compute-ML, system, data-
processing, performance, exhibit markedly lower acceptance fre-
quently below 40% and long-tailed review delays with a mean
around 70-100 hours. These results indicate that the reliability of
Al-generated PRs is domain-contingent, shaped by integration risk
and verification cost. Our study provides evidence on where current
agents perform well, where they struggle, and why certain domains
remain challenging for AI-human collaboration.

1 Introduction

The rapid integration of Al coding agents, such as GitHub Copilot
[8], Claude Code [5], and Cursor [6], into modern software engi-
neering workflows is fundamentally transforming how software
is developed, reviewed, and maintained. While early Al assistants
operated primarily in an autocomplete or co-pilot role [9, 13, 20] re-
cent advances in automated software engineering and LLM-based
development tools have led to the emergence of Agentic-PRs. To-
day’s Autonomous Coding Agents are beginning to function as Al
teammates who pull requests and engage in feedback loops, reshap-
ing software development workflows. These agents autonomously
propose code changes, generate tests, and fix bugs, leading to a
growing proportion of Agentic-PRs in open-source context.

The research community is actively studying how Al coding
agents propose code changes and what kinds of collaboration pat-
terns is [2, 17]. However, the commuity still lacks a systematic and
domain-aware understanding of the effectiveness of Agentic-PRs
varies across different software domains, such as web development,
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data processing, system programming, and machine learning. Prior
works on code review bots [1, 19, 24] have shown that automation
can increase accept rates and alter collaboration patterns in open-
source projects, while studies of LLM-based code review systems
[4, 15] highlight both productivity gains and coordination chal-
lenges introduced by these tools. In contrast, our work addresses
this gap by systematically characterizing how the effectiveness of
Agentic-PRs vary across domains, thus linking LLM behaviour to
the semantic and structural diversity of real-world dataset. This gap
poses a critical limitation for both practitioners and researchers.
With domain-specific evidence, we can: accurately assess which
domain Al agents are strongest at, and understand the interaction
dynamics between humans and agents across domains. In this pa-
per, we analyze more than 2,000 PRs from the AlDev dataset [11]
and made several contributions:

e We introduce a finer-grained semantic taxonomy that dis-
tinguishing characteristics of different domains and enables
LLMs to achieve more accurate understanding and more
effective assistance during downstream analyses.

e We integrate LLM into our annotation pipeline and sys-
tematically mitigate potential biases through human cross-
validation and rigorous prompt-engineering procedures.
These measures collectively ensure high-fidelity, reliable,
and unbiased domain labels for downstream analysis.

e We adopt statistical methods to assess domain-specific ad-
vantages, by applying confidence-interval estimation to all
critical statistics, our approach yields statistically solid and
convincing of our findings.

2 Motivation

Software development is inherently shaped by its domain context,
which determines not only the technical structure of the systems
being built but also the collaborative and organizational practices
surrounding them. The categorization can provides a structured
view of how Al-agents are being used across different software
development activities.

Different domains differ substantially in their architectural con-
straints, testing requirements, and code review. Consequently, the
effectiveness of Al coding agents in assisting developers is unlikely
to be uniform across these domains. For instance, an exploratory
data science project may be more tolerant of Al-generated code
patches that facilitate rapid prototyping, whereas system software
projects often require strict adherence to performance, correctness,
and security standards, resulting in a much more conservative re-
view process. This domain sensitivity implies that the same Agentic-
PR may be reviewed and merged in fundamentally different ways
depending on its application context.
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Table 1: Domain taxonomy for Agentic-PRs.

ID Category Description
1 system System related: io, file-system, memory, exception, underflow, overflow, serialization, path,
symlink, encoding, datetime, unicode, container (runtime context), os-compat, networking
2 language Programming language related: type, encoding, unicode, regex, parsing, linting
3 architecture Design related: schema, design, refactor, model, OOP
4  data-processing Data related: SQL, NoSQL, parquet, Spark, distributed data, batch, graph, algorithm
5 compute-ml Machine-learning related: torch, transformer, DNN, RNN
6  compute-gpu GPU related: OpenGL, CUDA, XLA, Triton, hw-accel, quantization
7  infra DevOps and configuration: env, container, build, logging, config, packaging, cloud, docker,
registry, k8s-controller, custom-resource, CI, CD, release-eng, rollback, pipeline, proxy
8  security Security and vulnerability related: auth, vulnerability fix
observability Observability related: metrics, tracing, telemetry, log
10 performance Performance related: bug-fix, caching, compression, session
11  frontend Ul related: screen, DOM, view
12 document Documentation related: docstring, clarification, explanation, annotation
13 testing-quality =~ Testing related: test coverage, unit test, integration test
14  api-design API and backend related: API endpoint, REST, Swagger, OpenAPI
15 others Not suitable for any of the above categories

A systematic understanding of these differences can reveal where
Al agents currently perform well, where they struggle, and how
their capabilities might be better aligned with domain-specific devel-
opment practices. Beyond descriptive insight, such understanding
provides an empirical foundation for improving both the design of
coding agents and the strategies. This is particularly significant as
Al coding agents transition from assistive tools to active collabora-
tors in large-scale software engineering projects.

3 Related Work

3.1 AI for Software Engineering (AI4SE)

Recent papers on AI4SE [12, 16, 18] articulate the need for “trust-
worthy and synergistic” human—-AI collaboration, emphasizing re-
liability, transparency, and socio-technical alignment as key chal-
lenges when embedding Al agents into developer workflows. The
emergence of large language models has further accelerated AI4SE
[7, 10, 21], with recent surveys on LLMs for SE (LLM4SE) mapping
studies cataloguing hundreds of applications of code- and chat-
based models to tasks such as code completion, program repair,
documentation, test generation, and requirements analysis, and
calling out open problems in evaluation, safety, and tool integra-
tion.

3.2 Empirical Al-Assisted Code Agent

Empirical studies of industrial Al coding tools further demonstrate
their practical impact. Peng et al. [14] from Microsoft, for instance,
reported that GitHub Copilot can significantly reduce task com-
pletion time and increase perceived productivity. Moreover, recent
works [3, 22] analyzed developers’ cognitive load and trust fac-
tors and showed that 30.7% of the commits generated by Al-agents

were still unsatisfying, illustrating persistent concerns about cor-
rectness, security, and over-reliance. More recent works have ex-
plored category-level characterizations at the commit level [25] and
PR-level classifications [23], as well as factors associated with PR
acceptance, the literature lacks a domain-specific taxonomy with
sufficiently fine-grained semantic resolution. Such a taxonomy is
crucial for capturing meaningful cross-domain heterogeneity that
coarse-grained categories fail to reveal. To address this gap, we
adopt a statistically rigorous approach to quantify acceptance dif-
ferences across our fine-grained domains and construct confidence
intervals to assess the significance and robustness of these dispari-
ties.

4 Research Questions

We aim to understand which software domains LLM-based agents
perform best in, and how domain-specific characteristics affect the
acceptance of Agentic-PRs. Our analysis leverages existing domain
tags derived from commit and repository metadata. The domain
taxonomy is shower in Table 1. The selected categories are from an
SE agent project done in a previous internship.

To enable our analyses, we first require a systematic domain
annotation of each pull requests. We carefully curated a set of 15
domains designed to comprehensively capture the semantic space of
Agentic-PRs. Manually annotate domains through human interpre-
tation is highly labor-intensive and does not scale effectively. Given
the strong semantic understanding capabilities demonstrated by
recent powerful LLMs, we investigate whether advanced LLMs can
assist in domain annotation. However, the reliability of LLM-based
domain labeling for Agentic-PRs remains largely unknown.

To address these gaps and to provide a data-driven character-
ization of domain-specific patterns in Agentic-PR behaviour, we
formulate the following research questions:
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RQ1: How accurately can LLMs identify the software do-
mains of Agentic-PRs?

This question evaluates whether LLM-based annotation pipelines
can reliably assign multi-domain semantic labels at scale. Since
our downstream analyses depend on the fidelity of domain clas-
sification, establishing the accuracy, limits, and failure modes of
LLM-driven labeling is a foundational requirement for the study.

RQ2: Which domains exhibit higher Agentic-PR accept
rates? What kind of characteristics most strongly influence

their likelihood of being merged?

Acceptance or rejection reflects human trust, perceived qual-
ity, risk tolerance, and domain-specific integration complexity. By
analyzing acceptance rates across 15 semantic domains and quanti-
fying their statistical significance, we aim to uncover domain-level
structural factors that affect the merge outcomes of Al-generated
contributions.

RQ3: What is the distribution of review times for Agentic-
PRs, and which factors would cause the long-tail review
delays if any?

Review latency provides insight into the collaborative burden
introduced by Agentic-PRs. This question investigates how review
durations vary across domains, why some domains experience
substantially slower cycles, and what technical or socio-technical
factors contribute to extended review delays.

Collectively, these research questions enable a domain-aware
empirical understanding of the behaviour, limitations, and collabo-
rative implications of Al-authored pull requests, forming the basis
for the analyses presented in the subsequent sections.

5 Methodology

5.1 Dataset

We will use AIDev [11], the first large-scale, openly available dataset
capturing Agentic-PRs from real-world GitHub repositories:

o Scale: 932,791 Agentic-PRs

e Breadth: 116,211 repositories and 72,189 developers, across
five Al agents: Claude Code, Cursor, Devin, GitHub Copilot,
OpenAl Codex

e Depth: 33,596 curated Agentic-PRs from 2,807 popular repos-
itories (over 100 stars), enriched with comments, reviews,
commits, and related issues

5.2 PR States and Data Preprocessing

To characterize the lifecycle of Agentic-PRs and prepare the dataset
for analysis, we first normalize the state information associated
with each PR. Every PR in our dataset records a creation timestamp,
as well as the timestamp at which it was closed or merged when
applicable. Based on these event logs, we derive their final states,
distinguishing between open, closed, and merged. Following prior
work [23], we treat merged PRs as the subset of closed PRs that
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Figure 1: Overview of the Study Design.

have been successfully accepted, and we define the accept rate
as the percentage of closed PRs that end in a merge state, and
closed-but-unmerged as failures.

In addition, we compute the review time for each PR by measur-
ing the elapsed time between its creation and closure timestamps.
Review time is expressed in hours and reflects the duration of the
end-to-end review process.

5.3 Tools

We use GPT-5 as the primary model for labeling 2,000 repre-
sentative Agentic-PRs, chosen for its balance between cost and
accuracy. We choose LLM because: first, the large sample size makes
manual labeling difficult; second, LLM is capable of handling com-
plex classification tasks; and third, because LLM is pre-trained and
has strong performance, we do not need to train a new model. While
an alternative to LLM is to use a traditional machine learning model
for labelling (classification task), LLM remains the best choice.

Prompts for domain classification are defined in structured tem-
plates (Appendix Table 3), each returning 1-3 deterministic tags
for reproducible parsing.

All experiments are implemented through a reproducible Python
pipeline, with metrics including precision, recall, F1.

5.4 Study Design

After data preprocessing, we sampled 100 tags to construct a gold-
standard evaluation subset. Unlike independent annotation, the two
human annotators jointly examined all items and established the
gold labels through consensus. Whenever initial judgments diverged,
the annotators conducted thorough discussions until full agreement
was reached. This procedure ensured that the final gold-standard
labels reflect a rigorously validated and mutually endorsed human
understanding.

To improve the LLM-assisted annotation process, we split the
100 samples into two equal parts. The first 50 samples were used as
a development set to identify bad cases and iteratively refine our
prompting strategy. Based on model feedback, we designed three
alternative prompt versions and compared their performance on
this development subset. The best-performing prompt was then
fixed and evaluated on the remaining 50-sample held-out set to
validate its generalization benefits.

After selecting the final prompt, we applied it directly to GPT-5
to annotate all 100 samples in the evaluation subset. The model-
produced labels were then compared with the human-consensus



gold labels to assess alignment quality. Table 2 reports the following
commonly used metrics for multi-label classification:

e EM (Exact Match): The proportion of samples for which
the predicted label set is exactly identical to the gold-standard
label set.

e Precision (macro): For each label, we compute precision
independently and then average across all labels.

e Recall (macro): Similarly, recall is computed per label and
macro-averaged across labels.

e F1 (macro): The harmonic mean of macro Precision and
macro Recall.

Originally, we also decided to include human-human and human-
model agreements by Krippendorff’s a. However, since we have
too many categorical labels and partial agreement exists, we decide
to use traditional classification ML task metrics.

Table 2: Evaluation of GPT-5 annotation quality against
human-consensus gold labels (100-sample multi-label task).

EM  Precision (macro) Recall (macro) F1 (macro)
0.40 0.710 0.730 0.692

5.5 Mitigating State Imbalance Through
Balanced Sampling

Our goal is to examine how PRs in the dataset relate to the "state” of
a pull request (open vs closed). However, the distribution of states
in this dataset is highly skewed: more than 92% of pull requests
are in the closed state. Such severe class imbalance implies that,
within each category, closed pull requests numerically dominate
the open ones. If any analysis or predictive model built directly
on this distribution would be biased toward the majority class,
making it trivial to achieve high apparent performance by almost
always predicting "closed" while providing little insight into the
characteristics gaining from data in "open" state.

To address this imbalance, we construct a balanced working
sample by first drawing an equal number of closed and open pull
requests and then conducting our classification and comparative
analyses on this balanced subset. This sampling strategy reduces
the risk of majority-class dominance and allows us to more clearly
observe how different pull request categories are associated with
each state. Importantly, we perform this balancing through random
sampling, which preserves the internal heterogeneity of both the
open and closed classes and avoids introducing systematic bias in
favor of any specific project or category. As our primary objective
in this part of the study is to characterize discrepancy between
states, using a balanced sample is methodologically appropriate: it
improves the stability and interpretability of the results without
altering the underlying descriptive statistics.

5.6 Excluding Newly Created PRs to Avoid
Right-Censoring Bias
To ensure the validity of our empirical analysis, we distinguish

between long-term open pull requests and those that have been
opened only recently. While some PRs remain open because they
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are unlikely ever to be resolved-a signal of latent process or quality
issues-newly created PRs often still have a substantial chance of
being resolved successfully. Including these very recent PRs in our
dataset would introduce right-censoring bias, as their eventual state
is not yet observable.

We distinguish PRs that are plausibly still in-progress from those
that have effectively failed to reach close state. Consequently, we
exclude all PRs opened very recently of data collection to mitigate
bias introduced by uncertainty of the final state and to support
more reliable analyses.

6 Results

6.1 The Accuracy of LLM-assistant Annotation

To evaluate whether LLMs can reliably classify the software do-
mains of Agentic-PRs, we conducted a controlled validation in Sec
5.4 using a human-annotated subset of N = 100 pull requests. Over-
all, the LLM achieved an relative positive accuracy showed in table
2, even though the model rarely reproduced the full multi-label
domain set exactly as assigned by human annotators. These results
suggest that while strict EM scoring underestimates performance
in multi-domain settings, the LLM captures the dominant semantic
domains of Agentic-PRs with reasonable fidelity.

To further ensure labelling reliability, we performed a cross-
checking procedure in which two human annotators independently
reviewed a random subset of LLM-generated labels. Interestingly,
during cross-validation, we also identified several inconsistencies
in the human-labelled annotations, initially resulting in only 0.73
agreement, suggesting that human labelling is itself subject to non-
trivial bias and error. The LLM’s annotations showed a precision
of 0.71 with human consensus, confirming that the model’s labels
are sufficiently correct. Based on this level of inter-rater agreement,
we conclude that LLM-generated domain labels are reliable enough
to support further large-scale annotation, offering a high-fidelity
approximation of human judgment with substantial efficiency.

6.2 Accept Rate across Domains and Influencing
Factors

With verified LLM annotation process, we examined domain-specific
acceptance patterns across 2,000 Agentic-PRs covering 15 semantic
domains. Figure 2 shows the counts of all our data. We exclude
the compute-gpu domain since its data size is too small to produce
statistically meaningful result; the corresponding confidence inter-
vals are extremely wide. We therefore exclude this domain from
cross-domain comparison. Figure 3 — Figure 5 summarizes both
close and merge rates with 90% confidence intervals and hence, the
accept rate for each domain.

We find substantial domain-level differences in accept rates of
Agentic-PRs. High-acceptance domains such as language, observ-
ability, documentation, and frontend typically involve localized, low-
risk modifications with predictable semantics and straightforward
modification. In contrast, domains characterized by complex cross-
module dependencies or high correctness risk, such as compute-mi,
system, performance, and data-processing, show lower and more
variable acceptance. These results suggest that the likelihood of
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an Agentic-PR being merged is strongly shaped by a domain’s se-
mantic complexity, integration risk, and reviewer confidence in
validating correctness.

Tag counts: merged and closed/open (stacked)

frontend
document
infra
testing-quality
architecture
system
language
api-design
security
data-processing
observability

performance
compute-ml merged
others closed
compute-gpu open
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Figure 2: States Counts in 2K Balanced Tags
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Figure 3: Close Rates Across Domains Under a 90% Confi-
dence Threshold

6.3 Review Time across Domains and
Influencing Factors

Furthermore, we analyzed review times for closed Agentic-PRs
across domains. Figure 6 The distribution clearly exhibits a long-
tail structure: while many PRs are reviewed within between 20 to
40 hours, several domains contain PRs whose mean review time
exceeds 70-100 hours, with large standard deviations indicating
substantial variability.

Tag accept rate with 90% Wilson CI
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compute-ml
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Accept rate = merged / closed (90% CI)

Figure 4: Accept Rates Across Domains Under a 90% Confi-

dence Threshold
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Figure 5: Merge Rates Across Domains Under a 90% Confi-
dence Threshold

While most PRs are reviewed within 20-40 hours, domains with
high semantic complexity or risk-such as security, data-processing,
compute-ml, and system, show substantially longer and more vari-
able review delays. These delays are driven by deep semantic depen-
dencies, high correctness risk, multi-component interactions, and
expertise bottlenecks. In contrast, domains with localized or syntac-
tically bounded changes, e.g. language, observability, testing-quality,
experience consistently short review cycles.

7 Meta-discussion

Our empirical analysis offers a roadmap for identifying where these
gaps lie and which domain characteristics matter most in designing
Al-augmented development tools in the future.

A broader implication of our findings is that domain-level analy-
sis can serve as a foundation for improving the next generation of
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Figure 6: Average Review Time Across Domains

Al agents in software engineering. Integrating domain awareness
into Al agents: whether through specialized reasoning modules,
schema validation mechanisms, or explicit design guidelines, holds
the potential to substantially improve PR quality and reviewer con-
fidence.

To further understand how domain factors influence PR out-
comes, we analyzed the semantic characteristics of rejected Agentic-
PRs in Appendix 7. Focusing on technical terminology after remov-
ing common stopwords like "and", "or", we observed that terms such
as build, npm, hosting, mep, layout, environment, and yaml appear
disproportionately often in rejected contributions. These terms
correspond to domains where modifications require precise con-
figuration semantics, environment-sensitive reasoning, or careful
coordination across multiple components, remaining challenging
for current Al systems. This suggests that the roots of rejection are
not arbitrary but linked to structural and systematic complexities
inherent to specific technical domains.

Taken together, these insights point toward a promising direc-
tion: domain-aware Al agent design. By understanding which do-
mains introduce the highest cognitive load, risk, or dependency
complexity, researchers and practitioners can better guide Al agents
to produce more robust, trustworthy, and contextually appropriate
PRs.

8 Threats to Validity

Our study faces several non-trivial threats to validity that should
be considered when interpreting the results.

8.1 Construct Validity

The accuracy of our domain-level analysis depends heavily on the
quality of LLM-based domain annotation. Although we designed
structured prompts, employed iterative refinement, and validated
model outputs against a human-annotated gold set, LLM predic-
tions may still embed latent biases or misinterpret subtle domain
cues. Multi-label domain assignments in particular may underrepre-
sent secondary or less explicit semantic signals in PR descriptions.
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Additionally, the PR text field may not fully capture the techni-
cal intent when commit messages or inline code changes contain
additional context.

8.2 Internal Validty

While we applied balancing techniques to mitigate extreme state
imbalance, residual confounding factors may persist. Differences
in accept rates may reflect unobserved variables such as repository
governance style, maintainer expertise, project maturity, or varying
familiarity with specific Al agents. Review time is also affected by
factors unrelated to domain complexity, such as reviewer avail-
ability, batching of review workloads, or project-specific triaging
rules.

8.3 External Validity

Our findings are grounded in the AIDev dataset, which contains PRs
produced by specific Al-agents within open-source environments.
The results may not generalize to enterprise codebases, proprietary
development workflows, or emerging agent architectures with dif-
ferent capabilities. The subset of 2,000 PRs used for deep analysis
still captures only a portion of the broader 900K+ PR corpus. Finally,
agent behaviors and developer attitudes evolve quickly; temporal
drift may limit the long-term relevance of some observed patterns.

9 Future Work

Our study exposes several promising directions for further research
on Al-assisted software development and Agentic-PRs. Here we
briefly discuss three points.

Richer Domain Semantics and Multi-Granular Taxonomies.
Future work could expand the domain taxonomy to incorporate
architectural layers, dependency structures, or fine-grained risk
profiles. Integrating static analysis or dynamic program analysis
may yield domain signals that surpass text-based classification.

Improving Agent Design Through Domain Awareness. Our
results point toward the value of domain-sensitive agent architec-
tures, e.g. agents equipped with environment simulators, depen-
dency reasoning modules, or domain-specific verification routines.
Future systems may dynamically adapt generation strategies based
on domain risk or reviewer expectations.

Human-AI Collaboration Dynamics. Understanding how de-
velopers perceive, trust, or adapt their workflows around Agentic-
PRs remains underexplored. Qualitative studies, controlled user
experiments, and ethnographic observations could reveal collabo-
ration patterns and friction points invisible in PR-level data.

10 Conclusion

We presented a domain-level empirical study of Agentic-PRs, show-
ing that LLM-assistant domain labeling is reliable, accept rates
vary significantly across domains, and review times follow a heavy-
tailed pattern shaped by domain complexity. These insights reveal
where Al-agent excel at and provide guidance for building more
domain-aware, trustworthy Al agents for future software develop-
ment workflows.
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A Appendix

A.1 Prompt of Domain Classification
Please check Table 3

A.2 Al Usage Statement

We used Al tools in three ways. First, large language models assisted
with language editing (grammar, wording, and minor rephrasing),
while the conceptual content and conclusions were authored and
verified by the researchers. Second, Al-assisted coding and data
analysis were used to accelerate implementation and exploratory
analysis; all generated code and results were reviewed and, when
necessary, revised by the authors. Third, AI models were used
to propose initial data labels, which were subsequently checked
and corrected by human annotators. In all cases, Al outputs were
treated as suggestions and were subject to human validation before
inclusion in this work.

Table 3: Prompt of Domain Classification

You are a classification model that assigns technical tags to pull-request descriptions. Given the PR text field, output 1-3 tags representing the most
relevant technical domains involved.

————————— Domain Taxonomy —————————
1. system - OS, filesystem, IO, memory, exceptions, underflow/overflow, serialization, path, symlink, encoding, datetime, unicode, container runtime, OS
compatibility, networking

. language - programming language correctness: types, encoding, unicode, regex, parsing, linting

. architecture - design-level concerns: schema, refactor, modeling, OOP, system structure

. data-processing - SQL/NoSQL, ETL, parquet, Spark, distributed data, batch, algorithmic workflows

. compute-ml - ML/DL: torch, transformers, DNN/RNN

. compute-gpu - GPU/CUDA/OpenGL/XLA/Triton, quantization, acceleration

. infra - DevOps: env, containers, build, logging config, packaging, cloud, docker, registry, k8s, CI/CD, release
. security - auth, permission, security fixes, vulnerabilities
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. observability - logging, metrics, tracing, telemetry

10. performance - perf fixes, caching, compression, throughput, latency
11. frontend - UL, DOM, rendering

12. document - documentation, explanation, annotation, docstrings

13. testing-quality - tests, coverage, reliability

14. api-design - API endpoints, backend interface design, REST, OpenAPI/Swagger
15. others - only if none above fits

————————— Output Rules ————————

1. Return 1-3 tags, comma-separated, all lowercase, no spaces, no quotes.
2. Choose the most specific tags possible.

3. If multiple domains apply, order by relevance.

4. No explanations or commentary.

5. Output format: <tag1, tag2, tag3>
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A.3 Word Frequency in Failed PRs

Top words in title + text (fail to merge)
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Figure 7: Terminology Word Frequency in Failed PRs(out of 2,000 data)
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