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Abstract
Agentic AI systems powered by Large Language Models (LLMs)
are increasingly used to autonomously contribute code in mod-
ern software development. While prior work has shown that such
systems can accelerate development tasks, their reliability andmain-
tenance behavior in real-world Continuous Integration (CI) work-
flows remain poorly understood. In this study, we analyze 11,771
pull requests (PRs) from GitHub, including 7,619 agentic and 4,152
human-authored PRs, to investigate how agentic code behaves dur-
ing CI workflows. We examine (1) CI failure rates at the pull-request
level, (2) responsibility for introducing and fixing CI failures, and (3)
time-to-fix at the commit level using fail–fix mappings. Our results
show that human-authored CI fixes exhibit a median time to fix of
71.70 minutes, whereas AI agentic-authored CI fixes resolve failures
nearly four times faster, with a median of 17.23 minutes. Our results
show that agent-authored fixes resolve CI failures nearly four times
faster than human fixes (median 17.23 vs. 71.70 minutes). How-
ever, agents introduce most CI failures (79.15%) while performing a
smaller share of fixes (60.63%), indicating that human developers
remain heavily involved in failure resolution despite faster agent
responses.

CCS Concepts
• Software and its engineering→ Software verification and
validation; Continuous integration; Software maintenance tools.
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1 Introduction
In modern software engineering, DevOps practices emphasize rapid
iteration, automation, and continuous delivery [5]. As a result, soft-
ware changes are routinely validated through CI pipelines that
automatically build, test, and validate code to provide fast feedback
on integration failures [6]. Within this context, agentic AI systems
such as Lovable, Gemini CLI, Claude-Code, Cursor, Base44, Codex,
and Devin have shown the potential to substantially accelerate de-
velopment workflows by autonomously performing tasks tradition-
ally performed by human developers [14, 15]. These tasks include
navigating and understanding codebases, generating and modify-
ing source code, planning execution steps, running programs, and
performing automated tests [10]. Despite the rapid adoption of
agentic AI, an emerging body of research has raised concerns about
the reliability and trustworthiness of LLM-based agents in software
engineering tasks [13, 19].

For example, in a Copilot-generated PR in microsoft/qdk [16],
the AI agent repeatedly attempted to resolve CI test failures, lead-
ing to at least 3 “try again” prompts from a developer. While the
AI agent fixed several code and test-pattern issues, the failures
ultimately stemmed from CI environment constraints related to
blocked network access and insufficient timeouts, which were re-
solved only after a human adjusted the CI configuration.

Although research efforts investigated the use of AI agents to
improve development workflows [9, 24], little is known about how
agentic AI systems introduce CI failures in practice, nor about the
time required for these systems to diagnose and repair such failures
once they occur. This is critical to the development life cycle since
failing CI requires developers a large amount of time and focus
[12, 17, 20] and cause long delays in the feedback loop [18, 21].

To address this gap, we aim in this paper to investigate how
reliable Agentic AI is in CI pipelines, shedding light on its failure
frequency, the involvement of agentic AI and human developers in
fixing these failures, and the time to fix them compared to human
developers. To achieve this, we augment the PR data from the
AIDev dataset [14] by collecting and analyzing 151,400 GitHub
Actions workflow runs from agentic-authored PRs generated by
Codex, Cursor, Copilot, Claude Code, and Devin, and 94,425 runs
from human-authored PRs, analyzed at both the pull-request and
commit levels. The following research questions guide this study:
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— RQ1. To what extent do builds fail in agentic pull requests compared
to human pull requests?

— RQ2. Who introduces and repairs CI failures in agentic pull re-
quests?

— RQ3. How does the time to fix CI failures differ between AI agent
and human commits?

Our results show that agentic PRs have slightly higher CI failure
rates than human PRs at 27.23% versus 20.27%, with Copilot and
Codex exhibiting failure rates comparable to humans. Although
most CI failures in agentic PRs are introduced by agents at 79.15%,
they perform a smaller share of the fixes at 60.63%, indicating human
involvement in failure resolution. At the same time, agent-authored
fixes are much faster, with a median time to fix of 17.23 minutes
compared to 71.70 minutes for human PRs. These findings suggest
that while agentic AI resolves CI failures quickly, human developers
remain more involved in fixing CI failures than in introducing them.

Replication package: We provide a package of our dataset,
scripts and experiments [1].

2 Study Design
Our goal is to empirically assess the reliability and repair behavior
of agentic AI systems in CI workflows. To achieve this, our study
covers three essential phases: (1) Data Collection, (2) CI workflow
filtering, and (3) fail-fix pair mapping. In the following, we provide
an overview of each phase.

2.1 Data Collection
We base our analysis on the AIDev dataset updated on Oct 16,
2025 [14]. Specifically, we use the AIDev-Pop subset, which contains
33,596 agentic PRs and 6,618 human PRs from popular projects. To
ensure comparability between the two groups, we first applied a
repository-level filter, keeping only PRs originating from projects
with 500 or more GitHub stars. This filtering reduced agentic PRs
from 33k to 12,373 PRs, matching the selection criteria already
applied to the human PR subset [14]. For each remaining PR, we
mapped all associated commits from the commit-details data, then
used the GitHub REST API [8] to retrieve GitHub Actions workflow
run metadata for each commit. The workflow metadata collected
includes run outcomes, start and completion timestamps, workflow
names, YAML file paths, and detailed job-level data.

2.2 CI workflows filtering
To ensure the analyzed workflow runs correspond to CI activities,
we applied filtering criteria as described by Bernardo et al. [2]. A
workflow run is considered CI-related if it satisfies these conditions:

s Filter #1: Trigger event: The workflow must be triggered by
either a push or pull_request event, as CI workflows are typi-
cally executed in response to code changes introduced through
commits or PRs.
s Filter #2: Non-documentation workflow: Theworkflowname
or its YAML file path must not contain any documentation-related
terms, including doc:, docs, documentation, or doc[ to exclude
runs that update documentation rather than source code.
s Filter #3: CI-related keywords: At least one of the follow-
ing terms must appear in the workflow name, YAML file path,

job names, or step names: build, deploy, test, ci, continuous
integration, or continuous_integration. For the keyword ci,
we explicitly exclude cases where it appears only as part of another
word (e.g., dependencies).

After applying these filters and retaining only PRs that execute
at least one CI-related workflow run, our final dataset consists of
7,619 agentic PRs and 4,152 human PRs.

2.3 Mapping fail-fix pairs
To enable a fine-grained analysis of CI workflow failures and fixes
in PR , we map CI failure and fix events to determine who intro-
duces failures, who fixes them, and how long fixes take, which is
required to answer RQ2 and RQ3. To avoid ambiguity in attributing
commits to agents or humans at the commit level, we restrict our
analysis to agentic PRs where committer identities can be reliably
distinguished. We therefore exclude Codex PRs since it only at-
taches a "Codex" label to the PR and does not expose the AI agent
committer identity at the commit level, resulting in 4,876 remaining
agentic PRs [25].

� Procedure of the mapping. For the remaining agentic PRs,
we construct fail-fix pairs following the approach of Tomassi et
al. [23]. For each PR, workflow runs are grouped by workflow
identifier and branch, then ordered chronologically. When a failed
run is observed, we scan forward until the next successful run of
the same workflow occurs. This failure and its subsequent success
form a fail-fix pair. The process then continues from that success
until no runs remain. This procedure initially yields 2,082 fail-fix
pairs from agentic PRs and 1,599 from human PRs.

s Ensuring correct agent–human attribution. To reliably
distinguish agentic and human contributions, we remove all fail–fix
pairs in which either the failing or fixing commit is authored or com-
mitted by a GitHub account labeled [bot], as such accounts often
correspond to CI infrastructure or third-party automation rather
than autonomous coding agents. We make an exception for the of-
ficially recognized Devin identity (devin-ai-integration[bot]),
which explicitly represents an agentic system. We retain only com-
mits attributable to known agentic tools—Copilot, cursoragent,
and devin-ai-integration[bot]. Claude Code commits are iden-
tified via the presence of a “co-authored-by: claude” marker in
the commit message, enabling attribution despite the absence of
a dedicated bot account. After cleaning, 365 bot-related fail–fix
pairs are removed, yielding 1,717 agentic fail–fix pairs. Applying
the same procedure to human-authored PRs yields 1,599 fail–fix
pairs as a human baseline.

3 Study Results
3.1 RQ1. To what extent do builds fail in agentic

pull requests compared to human pull
requests?

Approach. Using the CI-filtered workflow runs described in Sec-
tion 2.2, we compute for each PR its CI failure rate, defined as the
proportion of failed CI workflow runs relative to all completed CI
runs (success or failure). Only CI runs with passing or failing out-
comes were considered, as canceled or timed-out runs frequently
introduce environmental noise into build failure analyses [7, 11].
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Figure 1: Distribution of build failure rates for human PRs
vs. all agentic PRs combined.
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Figure 2: Distribution of build failure rates for AI Agents and
human PRs

We compare the two distributions using the Mann–Whitney U
test [4], and evaluate the effect size using Cliff’s delta [3]. We first
analyze all agentic PRs as a unified cohort, then stratify by AI agent.

Results. agentic-authored PRs exhibit higher CI failure rates
than human PRs (27.23% vs. 20.27%). Figure 1 compares the
distribution of CI failure rates between human-authored and all
agentic PRs, while Figure 2 and Table 1 further break down these
failure rates by individual AI agent and report the corresponding
statistical comparisons against human PRs. From that Figure, we
observe that Agentic PRs exhibit a higher average failure rate with a
value of 27.23% compared to human PRs with an average of 20.27%.
The Mann–Whitney U test indicates a statistically significant dif-
ference (𝑝 < 10−29), but the effect size is negligible (𝛿 = 0.1129),
meaning that while agentic PRs fail more often on average, the
difference is modest in practical terms. Moreover, the per AI agent
breakdown highlighted in Figure 2 and Table 1, show that Copilot
and OpenAI Codex PRs have the lowest failure rates and negligible
effect sizes relative to human PRs. Claude Code, Cursor, and Devin
exhibit higher failure rates with small effect sizes, indicating modest
but more consistent differences in build stability.

Table 1: Comparison of CI failure rates in agentic vs. human
PRs.
Group # PRs Mean failure rate 𝑝-value Cliff’s 𝛿

Human PRs 4,152 20.27% – –
Claude Code 189 35.48% 8.5 × 10−9 0.215 (small)
Cursor 630 31.04% 1.3 × 10−13 0.160 (small)
Devin 2,694 28.89% 1.1 × 10−39 0.170 (small)
Copilot 1,363 26.58% 7.8 × 10−15 0.124 (negligible)
OpenAI Codex 2,743 24.47% 7.2 × 10−3 0.033 (negligible)

3.2 RQ2. Who introduces and repairs CI failures
in agentic pull requests?

Approach. We analyze the fail-fix pairs constructed in Section 2.3,
which are limited to agentic PRs generated by GitHub Copilot,
Cursor, Devin, and Claude Code. For each fail-fix pair, we identify
the committer of the failing and fixing commits using repository
metadata, following the agent–human attribution rules defined in
Section 2.3, and classify responsibility as (fail author → fix author).
Using this classification, we compute the proportion of CI failures
introduced and fixes performed by agents versus humans, both
overall and per AI agent type.

Results. In Agentic PRs, AI agents introduce most CI failures
(79.15%) but perform a smaller share of the corresponding
fixes (60.63%). Table 2 summarizes the distribution of CI failures
and fixes across AI agent types, while Table 3 further characterizes
the responsibility transitions between AI agent and human com-
mitters during CI failure resolution. From Table 2, agents introduce
the majority of CI failures with a rate of 79.15%, and their usage
to fix these failures slightly reduces to 60.63%. This imbalance in-
dicates that although agents frequently trigger CI failures, human
developers remain more involved in repairing them.

Moreover, we breakdown results per each AI agent to analyze
the consistency of agents involvement in CI failures and fixes. As
shown in Table 2, Devin introduces the highest proportion of fail-
ures, accounting for 86.17% of the failures within its fail–fix pairs.
Copilot and Cursor introduce CI failures at comparable rates ac-
counting for over 69%, while Claude Code introduces a lower share
of failures at 55.77%. Additionally, fix behavior varies where Devin
resolves the majority of its introduced failures, fixing 71.76% of
them, Copilot resolves roughly half of its failures at 50.22%, while
Cursor fixes only 27.16% of the failures it introduces, leaving most
fixes to human developers. Across all agents, the proportion of
failures fixed by agents is consistently lower than the proportion
of failures they introduce, revealing a systematic pattern in which
human developers become increasingly involved during failure
resolution.

Table 2: AI agent responsibility for CI failures and fixes.
PR Group # Pairs Failures by Agents Fixes by Agents

Claude Code 52 29 (55.77%) 18 (34.62%)
Copilot 462 320 (69.26%) 232 (50.22%)
Cursor 162 113 (69.75%) 44 (27.16%)
Devin 1,041 897 (86.17%) 747 (71.76%)

Overall 1,717 1,359 (79.15%) 1,041 (60.63%)

To further understand repair dynamics, we classify fail-fix pairs
by the identity of the failing and fixing committers. As shown in
table 3, 22.19% of all fail→fix follow an agent→human pattern,
where agents introduce CI failures that are subsequently fixed
by humans, compared to 56.96% agent→agent and only 17.18%
human→human cases. These results highlight a systematic shift
toward increased human involvement during failure resolution,
even when failures are predominantly introduced by agents.
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Table 3: Distribution of fail–fix responsibility transitions
between agents and humans in CI pipelines.

Fail–Fix Type Count Percentage

agent→agent 978 56.96%
agent→human 381 22.19%
human→agent 63 3.67%
human→human 295 17.18%

3.3 RQ3. How does the time to fix CI failures
differ between AI agent and human commits?

Approach. Using the fail–fix pairs defined in Section 2.3, we mea-
sure the time-to-fix as the elapsed time (in minutes) between the
start of a failed CI workflow run and the start of its subsequent
successful run. Fail–fix pairs are grouped based on the identity of
the failing and fixing commit authors (fail author→ fix author).

To assess differences in repair speed, we compare time-to-fix
distributions across these groups against a human-PR baseline using
the Mann–Whitney U test and Cliff’s delta to quantify effect size.

Results. Agentic AI authored fixes resolve CI failures nearly
four times faster than human fixes with medians of 17.23
and 71.70 minutes respectively. Figure 3 and Table 4 shows
the distributions of time-to-fix across all categories. Failures that
are both introduced and fixed by agents are resolved the fastest,
with a median time to fix of 17.23 minutes. Failures introduced by
humans and subsequently fixed by agents show a similarly low
median of 25.20 minutes, indicating that agentic-authored fixes are
consistently rapid regardless of who introduces the failure.

When agents introduce failures but humans perform the fixes,
the median time-to-fix increases substantially to 631.57 minutes,
whereas failures introduced and fixed by humans have a median
resolution time of 53.55 minutes, and human PRs overall exhibit a
failure resolution with a median time to fix of 71.70 minutes.

Statistical comparisons against the human-PR baseline confirm
these trends. Agent→agent fixes are significantly faster than hu-
man PR fixes (𝑝 = 2.70 × 10−42, Cliff’s 𝛿 = −0.319, small effect).
Human→agent fixes are also significantly faster (𝑝 = 4.34 × 10−2,
𝛿 = −0.150, small effect). In contrast, agent→human fixes are sig-
nificantly slower than the baseline (𝑝 = 1.17 × 10−19, 𝛿 = 0.299,
small effect), reflecting increased human involvement following
agentic-introduced failures. Human→human fixes exhibit negligi-
ble differences relative to human PRs overall.

Overall, these results show that agentic-authored fixes are sub-
stantially faster than human fixes; however, when agents fail to
autonomously resolve CI failures, human developers tend to inter-
vene early in the repair process. For example, in a Copilot-generated
PR in kerryjiang/SuperSocket, CI tests repeatedly failed across
platforms despite rapid AI agent commits. The maintainer repeat-
edly requested fixes for persistent test failures on Linux and macOS,
and although Copilot responded quickly each time, human guid-
ance was ultimately required to resolve the failures [22]. This aligns
with prior findings that developer build fixes incur significant di-
agnostic and coordination overhead [12], whereas agentic AI can
react immediately to CI failures without such delays.

Table 4: Time-to-fix comparison across fail–fix responsibility
types. Human PRs serve as the baseline for statistical tests.

Fail–Fix Type Median (min) 𝑝-value Cliff’s 𝛿

Human PRs (baseline) 71.70 – –
agent→agent 17.23 2.70 × 10−42 −0.319 (small)
human→agent 25.20 4.34 × 10−2 −0.150 (small)
agent→human 631.57 1.17 × 10−19 0.299 (small)
human→human 53.55 1.94 × 10−2 −0.086 (negligible)
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Figure 3: distribution of time to fix CI failures.

4 Takeaways & Conclusion
This study empirically examined the reliability and maintenance
dynamics of agentic software development in terms of their of CI
workflows. Two key takeaways emerge from our findings.

(1) Codex and Copilot PRs exhibit CI failure rates com-
parable to human PRs. Looking at RQ1, our results show that
agentic PRs, in aggregate, show slightly higher CI failure rates than
human PRs, this difference is modest and AI agent dependent. In
particular, OpenAI Codex and GitHub Copilot PRs display failure
rates that are statistically indistinguishable from human-authored
PRs, with negligible effect sizes. Claude Code, Cursor, and Devin
exhibit slightly higher failure rates. This suggests that CI reliability
in agentic-assisted development is not uniform and depends on the
specific AI agent being used.

(2) Agents introducemost CI failures, but humans perform
a larger share of fixes, even though AI agent fixes are faster.
Our results from RQ2 show that agents introduce the majority
CI failures at a rate of 79.15%, and their participation in fixing
these failures decreases to 60.63%. At the same time, the analysis
from RQ3 reveal that agentic-authored fixes are substantially faster:
failures fixed by agents have a median time-to-fix of 17.23 minutes,
compared to 53.55 minutes for human-to-human fixes and 71.70
minutes in human PRs overall. This indicates that while agents
can efficiently resolve failures, human developers remain heavily
involved in the repair process.

These findings highlight a tension in current agentic develop-
ment practices. Agents are responsible for most failures and fix
them faster, yet humans remain more involved in addressing these
CI failures. This raises important questions about the current limits
of AI agent autonomy: whether agents lack sufficient access to CI
execution logs, are constrained by computational or token costs, or
cannot accurately retrieve the needed context from the codebase to
fix these failures. Understanding and addressing these barriers is
critical to moving toward a future in which agentic systems operate
100% on behalf of humans while maintaining trust, reliability, and
developer oversight.
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