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Abstract
Code clones are fragments of code that are copied and reused within
the same or across different codebases, often with minor modifi-
cations. Their presence poses significant challenges, as defects or
changes in one cloned fragment may require consistent updates
across all related clones, negatively affecting software maintain-
ability. Code Clone Lifecycle analysis provides valuable insights
into when code clones are introduced and how they evolve during
the code review process. Recent advances in Large Language Mod-
els (LLMs) have enabled Coding Agents that autonomously create
branches, modify code, and submit Pull Requests (PRs). While these
agents improve productivity, they also introduce new challenges for
managing code clones within PRs. This paper presents an analysis
of the Code Clone Lifecycle in agentic PRs hosted on GitHub. Using
the NiCad clone detection tool, we analyzed 7,851 PRs created by
AI agents from the AiDev dataset. Our results identify 28,425 clones
across 497 PRs. Manual validation of a representative sample shows
a predominance of Type I (29%) and Type III (46.26%) clones. Among
the affected PRs, 93 contain clones restricted to a single commit, 320
exhibit clones recurring across multiple commits, and 84 present
both single and recurring occurrences. Overall, the findings indicate
that clones tend to persist once introduced, progressing through
the PR lifecycle and ultimately being merged into the codebase.

CCS Concepts
• Software and its engineering→Maintaining software.
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1 Introduction
The growth of open-source software development has reshaped how
software systems are built and maintained, enabling large-scale col-
laboration among developers [7]. Platforms such as GitHub play a
central role by supporting collaboration, contribution tracking, and
discussion around code changes [14]. On GitHub, collaboration is
mainly conducted through pull requests (PRs), which enable propos-
ing, reviewing, and refining changes before integration, helping
ensure code quality and alignment with project standards [38].

Pull requests embody the principles of Modern Code Review
(MCR), a widely adopted practice in contemporary software devel-
opment. Through iterative and asynchronous reviews, MCR sup-
ports improvements in system quality, maintainability, and knowl-
edge sharing [15, 30]. While large technology companies have long
integrated MCR into their workflows [2, 5, 24], it has also become
the primary mechanism for code review on GitHub, where pull
requests are used to evaluate changes before merging [38].

Code clones are fragments of code copied and reused within
the same or across different codebases, often with minor modi-
fications [1, 23, 39]. Their presence poses significant challenges,
as defects or changes in one cloned fragment may require consis-
tent updates across all related clones, negatively affecting software
maintainability [11, 16, 22]. Code clones are typically detected using
static analysis tools, called clone detectors [39].

It is important to understand when code clones are introduced
into the system during code review, and to observe whether they are
identified and reported by the reviewers. Uchoa et al. [33] introduces
a taxonomy that enables the categorization of Code Clones Lifecycle,
analyzing the commits that include the introduction of code clones
in a PR. The Single Lifecycle category represents the cases in which
clones appear in only one specific commit of the PR. Differently, the
Recurring Lifecycle category represents the cases in which clones
persist or reappear across multiple commits of the PR.

Recent advances in Large Language Models (LLMs) have enabled
Coding Agents [10, 29, 36] that autonomously modify code and
submit pull requests (PRs), referred to as Agentic-PRs [13]. While
these agents can significantly improve developer productivity [3],
their risks and limitations remain underexplored, including the
generation of incorrect or insecure code and reduced developer
awareness [20, 34]. Additionally, training on large code corporamay
lead agents to generate code similar to existing implementations,
potentially introducing code clones into software projects.
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To the best of our knowledge, no prior study has examined code
clones introduced by coding agents. Thus, this study fills in the
gap. We analyze the Code Clones Lifecycle in Agentic-PRs registered
on GitHub using the AIDev dataset [13]. Inspired by the study
of Uchoa et al. [33], we analyze the commits at which clones emerge
in Agentic PRs and examine which of these clones are eventually
incorporated into the codebase. We conduct this investigation using
NiCad [4], a multi-language code clone detection tool.

The main contributions of this work are twofold. First, this study
constitutes the first exploratory investigation of the Code Clones
Lifecycle in Agentic Pull Requests. Second, we provide a publicly
available replication package that supports the analysis of clone
lifecycles in pull requests created by AI agents on GitHub [32].

2 Background
Pull Requests (PRs) are the primary mechanism used in modern
collaborative software development platforms, such as GitHub, to
propose, discuss, and integrate changes into a shared codebase [12].
Within a PR-based workflow, reviewers assess aspects such as cor-
rectness, performance, and adherence to project standards, while
authors respond by submitting revisions that address the raised
concerns [18, 19, 31]. As a result, a single PR may comprise multiple
commits, reflecting successive refinements of the proposed changes
until they are approved and incorporated into the main branch [8].

Code Clones are code snippets copied and reused within or
across codebases, often with minor modifications [1, 23, 39]. In
this study, we consider Type-I to Type-III clones [39]: Type-I are
identical except for whitespace and comments; Type-II preserve
syntactic structure with variations in identifiers and types; and
Type-III allow additional statement-level modifications. We exclude
Type-IV clones, which are semantically equivalent but syntactically
dissimilar and whose identification is highly subjective [26]. To
detect clones in Agentic-PRs, we use NiCad [4], a text-based clone
detection tool that supports multiple languages and accurately
identifies Type-I to Type-III clones [25].

Code Clone Lifecycle describes the evolution of clones across
PR commits and can be classified into two categories [33].
Single Lifecycle represents the cases in which clones appear in
only one commit of the PR, being classified into three subcategories:
The Early Stage category occurs when clones appear exclusively
in the initial commit of a PR and are removed in later commits. The
Mid Stage category occurs when clones are present in a single
commit in the middle of the PR and are removed in subsequent
commits. The Late Stage category occurs when clones are present
only in the last commit of the PR, being merged into the codebase.
Recurring Lifecycle captures clones that persist across multiple
PR commits, with four subcategories: The Emerging Cycle cat-
egory occurs when clones are present from the beginning to the
middle of the PR, being removed in the final commits. The Central
Cycle category occurs when clones appear repeatedly during the
middle of the PR, but do not persist to the end. The Closing Cycle
category occurs when clones are present from the middle to the
end of the PR, being merged into the codebase. The Full Cycle
category occurs when clones are present throughout all commits
of the PR, being merged into the codebase.
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7,851 PRs and 
518 repositories for
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Figure 1: Overview of the methodology (4 phases)

3 Methodology
The empirical basis of this study is the AiDev dataset [13], AiDev
maps PRs authored by coding agents, capturing their interactions
within collaborative development workflows. The dataset com-
prises 932,791 Agentic Pull Requests created by five widely adopted
coding agents, OpenAI Codex [6], Devin [13], GitHub Copilot [37],
Cursor [9], and Claude Code [27], and spans 116,211 GitHub reposi-
tories. We aim to answer the following research questions:

• RQ1: What is the distribution of code clone types in Agentic-
PRs?

• RQ2: What is the Code Clones Lifecycle in Agentic-PRs?
To answer the proposed RQs, we carried a four phases method-

ology, as illustrated in Figure 1. We explain each phase below.

3.1 Phase 1: Filtering the AiDev Dataset
The first phase of the methodology aims to identify merged Agentic-
PRs, as only these pull requests effectively modify the target repos-
itory and therefore have the potential to introduce code clones into
the codebase. Although unmerged PRs may contain code clones,
they were not considered in this study because they do not impact
the final codebase.

First, we identified the PRs that contained at least one commit
that added new lines of source code. Second, we filtered the PRs by
retaining only those written in programming languages supported
by NiCad: Python, C#, Java, and Ruby. This filtering resulted in a set
of 7,851 PRs distributed across 518 repositories, where repositories
were selected based on the criterion of containing at least one PR
that satisfied the study conditions, as shown in Table 1.

These results form the foundation for the rest of our method-
ology, in which the identified repositories undergo mining and
clone detection processes. The project’s dataset, alongside all other
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Table 1: Summary of the dataset employed in this study.

Data Python C# Java Ruby Total

Repositories 310 134 46 28 518
Pull Requests 5,381 1,136 1,003 331 7,851

Clones 7,533 5,581 8,369 6,942 28,425
Unique Clones 617 316 1,006 971 2,910

Sample 48 25 78 76 227

artifacts created in this study, is available in our replication pack-
age [32].

3.2 Phase 2: Pre-processing of Commits and
Clone Extraction

The second phase focuses on preparing and analyzing commits
from the filtered PRs (Phase 1) to identify clone sets introduced
by AI agents. For each programming language, we extracted all
projects and the corresponding child commits of the filtered PRs.
Since the AiDev dataset does not provide the associated parent
commits, we recovered them directly from the GitHub repositories
through a preprocessing step. This process is essential to avoid the
rebasing problem [17].

After reconstructing the parent–child commit pairs, we ranNiCad
on both versions of each commit using parameters for detecting
Type I–III clones. We adopted a similarity threshold of 0.3, ensuring
at least 70% structural similarity [4], and set the minimum clone
size to six lines of code (minsize=6) based on prior work [21].
Clone pairs were then clustered into clone classes (cluster=yes)
to identify groups of related clones.

Using the clone sets extracted from the parent and child ver-
sions, we conducted a direct comparison between them. A clone
is considered to have been introduced by an AI agent when: (i) a
clone set appears exclusively in the child version; or (ii) a clone
set already present in the parent version is extended in the child
version through the addition of new cloned code fragments.

We identified 28,425 clone instances across 497 pull requests,
with recurrence across commits reflecting expected clone evolution
patterns [33]. To reduce bias in manual validation, we deduplicated
clones by hashing their code content, grouping identical fragments
across commits into single representatives. This process reduced
the dataset from 28,425 detected instances to 2,910 unique clones.
Table 1 summarizes the analyzed PRs and clone counts.

3.3 Phase 3: Clone Sampling and Manual
Validation

In the third phase, we focused on selecting a statistically represen-
tative sample of the previously identified unique code clones for
manual validation. Using a confidence level of 95%, a margin of
error of 5%, and a population of 2,910 unique clones, we determined
a final sample size of 227 clones. To preserve representativeness
across programming languages, we employed uniform stratified
sampling, as presented in Table 1.

With the representative sample defined, we performed a detailed
manual analysis of the clones reported by NiCad. Although modern

clone detectors exhibit strong performance, they are still susceptible
to false positives [35]. Additionally, while NiCad is capable of de-
tecting Type I, Type II, and Type III clones, it does not automatically
classify the clone type, making human inspection necessary.

The manual validation process aimed to answer two key ques-
tions for each sampled clone: (i) whether the reported clone was
a true clone or a false positive, and (ii) for true clones, what its
type was. The evaluation was conducted by three researchers with
experience in clone analysis. Initially, two evaluators independently
inspected each clone. In cases of disagreement, either regarding
validity or clone type, a third evaluator provided the final decision.

3.4 Phase 4: Clone Lifecycle Analysis
Following manual validation, we proceeded with the investigation
of the lifecycle of code clones introduced in Agentic-PRs. For this
step, we used the 497 PRs and the 28,425 code clones identified
within these PRs. Given the high precision of Nicad for detect
true clones (see Section 4.1), we conducted the analysis across the
entire population to obtain a more comprehensive view of the data
as performed in previous work [33]. Based on this analysis, we
categorized the PRs according to the behavior of their clones, as
discussed in Section 2.

4 Results and Discussions
4.1 RQ1: What is the distribution of code clone

types in Agentic-PRs?
To address RQ1, we conducted a manual validation of a statistically
representative sample of 227 clones (see Section 3.3). From this
sample, 214 instances were confirmed as true code clones, corre-
sponding to a precision rate of 94.27%. This result indicates that
NiCad is a suitable tool for detecting code clones in Agentic-PRs.

Based on this precision rate, we extrapolated the results to the
entire population of clones detected by NiCad. Out of the 28,425
reported clone instances, we estimate that approximately 26,796
represent true code clones. These clones were identified across 497
merged Agentic-PRs, demonstrating that code cloning is a common
phenomenon during the creation of pull requests by AI agents.

Next, we analyzed the distribution of clone types among the 214
validated clones. Table 2 summarizes the distribution of true clone
types, as manually identified and classified, across programming
languages.. Overall, the most prevalent clones were Type-III (46.2%),
followed by Type-I (29%) and Type-II (24.8%), suggesting that AI
agents frequently reuse code either verbatim or with substantial
modifications. A language-specific analysis reveals distinct distri-
butions of clone types. While all languages exhibit a predominance
of Type III clones, Ruby and Java present higher absolute numbers
of such clones, whereas C# shows a more balanced distribution
among the three clone types. Python, in turn, exhibits a relatively
higher proportion of Type II and Type III clones, indicating moder-
ate structural reuse with minor modifications.

Our findings align with prior large-scale studies showing that
Type I and Type III clones are more frequent than Type II clones [28,
33]. While AI agents largely follow clone creation patterns similar
to human developers, we observe a higher proportion of Type II
clones in agent-generated code, indicating a stronger tendency
toward systematic renaming and lightweight syntactic adaptations.
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Table 2: Distribution of clone types per language.

Language Type I Type II Type III Total

Python 11 (5%) 13 (6%) 19 (9.2%) 43 (21%)
C# 8 (4%) 6 (3%) 11 (5%) 25 (12%)
Java 27 (13%) 16 (7%) 31 (14%) 74 (34%)
Ruby 16 (7%) 18 (8%) 38 (18%) 72 (33%)

Total 62 (29%) 53 (24.8%) 99 (46.2%) 214 (100%)

Table 3: Distribution of clone lifecycle categories in Agentic-
PRs per Language

Category Python C# Java Ruby Total

Single – Early Stage 28 12 9 2 51
Single – Mid Stage 26 14 8 6 54
Single – Late Stage 40 17 63 1 121

Recurring – Emerging Cycle 15 4 4 9 32
Recurring – Central Cycle 29 9 4 4 46
Recurring – Closing Cycle 73 23 14 11 121
Recurring – Full Cycle 81 34 160 12 287

4.2 RQ2: What is the Code Clones Lifecycle in
Agentic-PRs?

According to Table 3, a single PR may be associated with multiple
lifecycle categories (e.g., Single–Early Stage, Single–Mid Stage, and
Recurring–Emerging Cycle). To avoid double counting and accu-
rately reflect the number of PRs affected by clones, each PR was
counted only once based on its unique occurrence, resulting in a
total of 497 PRs analyzed. For PRs classified as Single, the propor-
tion of clones that are incorporated into the codebase (i.e., Single
and Late stages) is consistently lower across most programming
languages. Specifically, when PRs are classified as Single, the merge
rates of clones are 42.5% for Python, 39.5% for C#, and only 11.0% for
Ruby. In contrast, PRs classified as Recurring exhibit substantially
higher clone merge rates. In these cases, clones are merged into
the codebase in 77.8% of Python PRs, 81.4% of C# PRs, and 63.8% of
Ruby PRs.

These findings suggest that when code clones are not identified
and addressed shortly after their introduction, particularly during
the early stages of a PR, they are likely to persist throughout the
review process and ultimately be merged into the codebase. These
observations are consistent with the findings of Uchoa et al. [33].
Moreover, AI-generated clones show lifecycle and type distributions
comparable to those reported for human developers [33].

Java shows the highest proportion of recurring clones that per-
sist throughout the entire PR (Full Cycle), with 160 out of 287 cases
(55.7%), indicating that once introduced, clones are often reused
across commits. In Java, this recurrence may partially reflect lan-
guage constraints and framework-driven patterns, such as boiler-
plate code and interface implementations, where duplication can be
unavoidable or intentional rather than harmful. In contrast, Python
and C# present a more balanced distribution between Single and
Recurring lifecycles, likely due to greater syntactic flexibility and
more frequent refactoring practices. Ruby shows lower frequencies
across all categories, suggesting that clone recurrence is less com-
mon and typically confined to more specific development scenarios.

5 Threats to the Validity
Conclusion and Internal threats: A potential internal threat to valid-
ity stems from NiCad’s limited language support. To mitigate this
issue, we restricted the analysis to languages supported by NiCad
and evaluated alternative tools, which either supported fewer lan-
guages or detected only Type I clones.

Construct threats: Threats to construct validity are related to the
classification of clone types. NiCad reports clones at the granularity
of methods, even when only a portion of the code was added or
modified. This can make manual validation and clone type classifi-
cation potentially imprecise. To increase reliability, two researchers
independently analyzed each sampled clone. In cases of disagree-
ment regarding the validity or type of the clone, a third researcher
was consulted to make the final decision. All researchers involved
in this process have prior experience in code clone analysis.

External threats: The findings from this study are limited to only
the four languages and their respective GitHub repositories and
may not be generalized to other programming languages.

6 Ethical Implications
This study does not involve human subjects or direct interaction
with individuals. All analyses were conducted exclusively on pub-
licly available software repositories and pull requests, and no in-
formation regarding the identity, background, or personal charac-
teristics of developers was collected, analyzed, or inferred at any
stage of the research. Hence, this study did not require approval
from an institutional ethics committee, as the collected data were
used solely for research purposes and focused only on technical
artifacts. Furthermore, the analyses were designed to avoid reputa-
tional harm or biased interpretations, and the results are reported in
aggregate form rather than evaluating or judging individual devel-
opers or projects. By adhering to these principles, this work follows
established ethical guidelines for Mining Software Repositories
research.

7 Conclusion
This paper presented a study of the code clones lifecycle in pull
request generated by coding agents. Using the AiDev dataset, we
focused on 7,851 merged Agentic-PRs written in Python, C#, Java,
and Ruby. By applying the Nicad clone detection tool, we identified
28,425 clone instances in 497 PRs.

The findings show that coding agents largely mirror human de-
velopers, with Type-I (29.0%) and Type-III (46.2%) clones dominat-
ing, and clones persisting across multiple commits beingmore likely
to be merged. At the same time, although Type-II(24.8%) clones re-
main less frequent than Type-I and Type-III clones, their proportion
is relatively higher in Agentic-PRs than what has been reported
for human-authored code. This study underscores the need for
clone-aware checks in AI-generated PR workflows, through clone
detection in continuous integration pipelines or explicit review
guidelines.
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