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1 Introduction

AI has become deeply embedded in modern software en-
gineering. Developers now routinely rely on AI tools for
tasks ranging from general problem solving [2] and code
completion to even delegating entire issues to autonomous
coding agents [3, 4]. However, despite their growing pres-
ence, the effectiveness and reliability of these agents re-
main unclear.
Recent work has shown that autonomous agents, such as
Codex, Devin, Copilot, Cursor, and Claude Code, are now
responsible for hundreds of thousands of pull requests
(PRs) on GitHub [4]. Yet, many of these PRs fail to be
merged or are quickly reverted, suggesting that AI team-
mates still struggle to produce contributions that meet hu-
man standards of quality and trust. Understanding why
these failures occur is essential for improving future gen-
erations of AI-assisted development workflows.
In this proposed work, we analyze the primary causes of
failed Agentic PRs using the AIDev dataset [4], which
captures over 900,000 agent-authored pull requests across
more than 100,000 repositories. Our analysis will address
the following research questions:

1. Are agent-authored PRs more or less likely to suc-
ceed than human-authored PRs?

2. What factors lead to the rejection of agent-authored
PRs?

3. How can we identify practices that maximize the
success of agent-authored PRs?

2 Prior Work

The reasons behind PR rejection have long been studied
in software engineering. Many rejections stem not from
technical flaws but from process- or context-related is-
sues. For example, redundancies are common in fork-
based development [5], and many PRs are rejected be-
cause they duplicate existing changes [6]. Other studies
note that rejection factors vary with project size, activity,
and community dynamics [1]. Overall, rejection often de-
pends more on context, such as timing, coordination, or
relevance, than on code quality itself.

Zhang et al. find that the single strongest predictor of PR
acceptance is whether the author is a core team mem-
ber [8], emphasizing the social dimension of PR evalu-
ation. While these insights explain human-authored PRs,
it remains unclear whether the same dynamics hold for
agentic PRs, where authorship, trust, and accountability
differ.

3 Initial Analysis
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Figure 1: Human-authored PRs are more likely to be re-
jected than agent-authored PRs based on this dataset.
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Figure 2: Initial comparison of the failure rates of differ-
ent agents.

Our initial analysis reveals a surprising trend: agent-
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authored pull requests fail significantly less often than
human-authored ones (Figure 1). Across all agents, the
average failure rate is only 7.48%, compared to 16.13%
for humans, reversing earlier findings. For example,
Wyrich et al. found that in 2021, human pull requests
were accepted in 72.53% of cases, while bot-authored
ones were merged only 37.38% of the time [7]. Our data
suggest that this gap has not only closed but flipped, hint-
ing at a shift that needs to be studied.
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Figure 3: Agent-authored PRs are more likely to be re-
jected faster than human-authored PRs.

We define a failed PR as one whose state is closed
and whose merged at field is null. We also com-
pute the time-to-close (TTC) for failed PRs as the elapsed
time between created at and closed at, measured
in hours. As shown in Figure 3, agent-authored PRs are
typically closed much faster than human-authored ones,
with median closure times of 1.68 hours versus 27.44
hours, respectively. This sharp difference suggests that
reviewers treat agentic PRs differently.
When broken down by agent (Figure 2), we find sub-
stantial variation: OpenAI Codex has the lowest failure
rate (5.77%), while Devin’s is nearly six times higher
(29.90%). These disparities imply that not all agents are
perform equally. Future analysis will examine whether
these differences stem from contextual factors such as
project size, PR complexity, or the scope of the change.

4 Research Questions

RQ1: Are agent-authored PRs more or less likely to
succeed than human-authored PRs?
To analyze this beyond the single plot in figure 1, we
would need to first categorize PRs based on their size,
context, and any additional information we can find. We
hypothesize that PRs submitted by bots are simpler, re-
quire fewer changes, and are initiated by a developer
knowing that it would get accepted.

RQ2: What factors lead to the rejection of agent-
authored PRs?
We will borrow analysis techniques from the prior work
mentioned above, including potential reasons for PR re-
jection. We hypothesize that most failed PRs would, as
shown in prior work, have little to do with the quality of
code itself, but other contextual issues.
RQ3: How can we identify practices that maximize the
success of agent-authored PRs?
Using the results obtained in the previous research ques-
tions, we wish to identify factors that lead to successful
PRs. We envision using AI to further analyze this, with
the hope of coming up with a process that allows agents
to maximize the chances of successful PRs.

5 Threats to Validity

Our analysis is subject to several threats to validity.
First, the labeling of agent-authored PRs relies on dataset
heuristics (e.g., branch names and bot identifiers), which
may misclassify some human contributions. Second,
our definition of PR failure (state = closed and
merged at = null) may conflate abandoned with ex-
plicitly rejected PRs. However, we will look for additional
features that may be used to highlight this difference. Fi-
nally, differences in repository activity, popularity, or re-
view policies may influence failure rates independently of
agent quality. To circumvent this, we may need additional
data on the repositories mentioned in the dataset.

6 Milestones

RQ1: Answering this RQ will form the basis of the rest of
our analysis. By November 10, we aim to finalize the de-
scriptive statistics comparing agent- and human-authored
PRs, including merge and failure rates, as well as time-
to-close distributions. This milestone establishes a base-
line understanding of whether agentic contributions be-
have differently from human ones.
RQ2: By November 20, we will investigate the contex-
tual and structural factors that drive PR rejection. This in-
cludes analyzing variables such as repository size, project
activity, PR length, and the presence of review comments.
The goal is to identify which characteristics correlate most
strongly with failed agent-authored PRs.
RQ3 and Final Report: By November 30, we will syn-
thesize our findings to highlight practices that improve
the success of agent-authored PRs, supported by exam-
ples from the dataset. The final report, integrating results
from all three RQs, will be completed and submitted by
December 1.
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