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Abstract.
The Modern Code Review (MCR) process is iterative and asynchronous, enabling early identification of several

issues during software development. Overall, code review consists of inspecting code before merging it into the
codebase. Code clones are code fragments that are copied and reused across different (or the same) codebases, often
with minor changes. Developers must be aware of code clones in their projects, as issues in a cloned fragment can
propagate to all related clones, significantly impacting the project’s maintainability. Nevertheless, there remains a
gap in research on the presence and behavior of code clones during code review. By leveraging the CROP dataset
(over 28k code reviews and 80k revisions) and the Siamese clone detector, we identified 27,656 relevant code clones
that underwent code review across 6 software systems. A manual validation of a representative sample indicated a
predominance of Type-I (46.74%) and Type-III (45.3%) clones. Based on the clones’ lifecycle within the review, we
categorized the reviews into Single and Recurring, depending on whether the clones are introduced and/or removed
during the review process. We identified 224 reviews for which clones appear in a single review (Single) and 1,258
reviews for which clones appear in multiple revisions (Recurring). To deepen the analysis, we introduced two
metrics, Duration and Distance, to assess how clones are introduced or removed during the review. We observed
that, on average, clones are often introduced at the beginning of the code review, commonly surviving the review
process and being merged into the codebase. To extend the lifecycle analysis, we also conducted a qualitative
analysis of a stratified sample of code reviews, investigating whether developers discuss code clones during review
and the reasons why clones are removed or retained. We observed that reviews with explicit discussions about code
clones are more likely to occur when the clone is not merged. In particular, among the 315 sampled reviews, 10
of the 11 reviews discussing clones in the context of refactoring (90.9%) involved cases where the clone was not
merged. In contrast, 5 of the 7 reviews withUnjustified / Unclear Cloning discussions (71.4%) involved clones that
were merged. Given the limited number of clone-related discussions, these observations should be interpreted as
exploratory rather than conclusive evidence.
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1 Introduction

Modern Code Review (MCR) has enabled developers to
build higher-quality systems by providing benefits related to
maintenance and knowledge transfer (McIntosh et al., 2016;
Uchôa et al., 2021). This practice is common among large
companies such as Microsoft (Bacchelli and Bird, 2013),
Google (Sadowski et al., 2018), and Facebook (Feitelson
et al., 2013). Through MCR, developers are able to analyze
code modifications before they are integrated into the code-
base in a faster and more intuitive manner. Unlike traditional
code inspections, which are a manual practice of reviewing
code, MCR is fully tool-based. Platforms such as Gerrit and
GitHub enable reviews to be performed asynchronously and
dynamically. Furthermore, it occurs in an iterative manner,
with each iteration being referred to as a revision. In this
way, development teams can prevent future issues such as
the introduction of bugs (Yu et al., 2016), code smells (Pas-
carella et al., 2019), security vulnerabilities (Thompson and
Wagner, 2017), architectural changes (Paixao et al., 2021),
among others.

Code clones are fragments of code that are copied and
reused on other (or the same) codebase, often with minor
modifications (Roy et al., 2014; Ain et al., 2019). Code
cloning increases productivity in implementing new features
and is often introduced intentionally into the codebase (Wang
and Godfrey, 2014). However, if an error is identified in
the code clone segment, it means that all clones must be
corrected, which hinders the system’s maintainability (Is-
lam et al., 2016; Mondal et al., 2019; Ragkhitwetsagul et al.,
2021). Therefore, it is essential that developers are aware of
the copies that exist in their codebase. Although some clones
can be spotted manually, it is more common that code clones
are detected through the use of static analysis tools such as
code clone detectors (Zakeri-Nasrabadi et al., 2023).

Although MCR is designed to help developers manage
code cloning, no studies have examined the link between
code cloning and code review. As a motivating example,
we present a detailed analysis of the code review numbered
22961 from the eclipse.platform.ui project. In this re-
view, the developer added a method called getStyleOverride
within the StackRenderer class. However, this method was
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protected void createButtonsForButtonBar(
Composite parent) {
okButton = createButton(parent ,
IDialogConstants.OK_ID ,
IDialogConstants.OK_LABEL ,
true);
createButton(parent ,
IDialogConstants.CANCEL_ID ,
IDialogConstants.CANCEL_LABEL ,
false);

}

protected void createButtonsForButtonBar(
Composite parent) {
Button okButton = createButton(parent ,
IDialogConstants.OK_ID ,
WorkbenchMessages.
CustomizePerspectiveDialog_okButtonLabel ,
true);
okButton.setFocus();
createButton(parent ,
IDialogConstants.CANCEL_ID ,
IDialogConstants.CANCEL_LABEL ,
false);

}

Figure 1. Original (left) and cloned (right) versions of method createButtonsForButtonBar in project eclipse.platform.ui

copied from theWBWRenderer class, and one of the review-
ers identified the duplicated code during the first revision and
suggested a refactoring:

“I like this but perhaps we should be moving
the ‘getStyleOverride’ logic into AbstractPartRen-
derer (since it doesn’t use SWT) so that we don’t
keep making copies of it.”

As a result, the cloned fragment was moved to the su-
perclass to eliminate redundancy and improve code main-
tainability. This example represents a successful code
clone mitigation, as the code clone was quickly identified,
and a method pull-up refactoring operation was performed
(Fowler and Beck, 1999).
In review number 101346 of the same project, we iden-

tified a similar scenario. Most of the code from the create-
ButtonsForButtonBarmethod in the SaveAsDialog class was
copied to the CustomizePerspectiveDialog class with a few
added changes. However, in this case, there was no discus-
sion regarding the code duplication. The copied snippet was
introduced in the first revision, lasting until the fifth revi-
sion, and was finally merged into the codebase. Figure 1
depicts the original createButtonsForButtonBar method and
the cloned version. These examples demonstrate that while
some clones are detected and addressed during MCR, others
remain undetected.
This paper presents an empirical study on the lifecycle of

code clones in MCR, combining quantitative and qualitative
analyses to understand their presence and behavior during
code review. Our goal is to provide insights for developers,
tool builders, and researchers not only on how clones evolve
during reviews, but also on the underlying reasons and justifi-
cations that influencewhether clones are removed or retained
in the codebase.
By leveraging the CROP dataset (Paixao et al., 2018) and

the Siamese (Ragkhitwetsagul and Krinke, 2019) clone de-
tector, we identified 27,656 relevant code clones in 6 differ-
ent software systems. Next, we took a statistically signifi-
cant sample of these relevant clones and performed a man-
ual validation. As a result, 96.7% of the identified clones
were validated as true clones. In addition, we also manu-
ally classified the clones into Type-I (i.e., exact clones with
only formatting differences), Type-II (i.e., Clones differing
only in names and data types), and Type-III (i.e., clones with

added/removed/changed statements). We identified 46.74%
and 45.3% of Type-I and Type-III clones, respectively.
Following that, the code reviews with more than one revi-

sion and the presence of code clones were categorized as Sin-
gle or Recurring. In our data, we identified 224 reviews for
which clones appear in a single revision (Single) and 1,258
reviews for which clones appear in multiple revisions (Re-
curring). Additionally, 236 code reviews lie at the intersec-
tion of Recurring and Single reviews. From the code reviews
classified in these categories, we carried out an analysis of
the clones’ lifecycle, analyzing the moment at which they
appear and disappear in the code review.
Furthermore, twometrics are proposed to assess the persis-

tence and introduction of code clones in code reviews. The
Durationmetric measures the number of revisions a clone re-
mains during the code review. Additionally, Distance mea-
sures the revision in which the first occurrence of the clone
appears. Overall, the results from Duration and Distance
suggest that clones tend to be introduced early in the review
process and often persist throughout multiple revisions, fre-
quently being merged into the codebase.
Finally, we conducted a comprehensive qualitative analy-

sis of 1,718 code reviews containing more than one revision.
In this step, we investigated whether developers explicitly
discuss code clones during the review process and aimed to
understand the motivations behind clone removal or reten-
tion. To this end, we categorized these discussions into dif-
ferent themes, capturing the main focus of what developers
addressed. From amanually analyzed sample of 315 reviews,
we identified 32 cases containing explicit discussions about
code clones. Most of these discussions (68.8%) occurred in
reviews where the clone was ultimately not merged into the
codebase.
Our findings also reveal distinct behavioral patterns. Re-

views in which clones are not merged tend to include dis-
cussions focused on refactoring opportunities, with 90.9%
of the refactoring-related discussions occurring in reviews
where the clone was not merged. In contrast, reviews where
clones are merged often lack explicit discussion or justifica-
tion, where 71.4% of the discussions that did not provide jus-
tification for cloning were associated with reviews where the
clone was merged.
The main contributions of this paper are listed as follows:

• A dataset (Uchoa et al., 2026) of manually validated
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code clones linked to code reviews.
• An empirical study to analyze the lifecycle of code
clones during code review, including proposed cate-
gories and two novel metrics (Duration and Distance)
to measure clone persistence and introduction timing.

• A qualitative analysis of developer discussions about
code clones, suggesting why clones are removed or re-
tained during code review.

• A replication package (Uchoa et al., 2026) containing
all artifacts necessary to reproduce this study, includ-
ing the code for quantitative and qualitative analyses,
as well as the complete set of results.

This study extends our previous work by Uchoa et al.
(2025b), which first introduced an exploratory analysis of the
lifecycle of code clones during code review. An extended
abstract of this work was published in the CTIC-SBQS 2025
Undergraduate Research Competition (Uchoa et al., 2025a),
where it received an award. The present manuscript substan-
tially expands the original study by introducing two new re-
search questions that investigate whether developers explic-
itly discuss code clones during code review and the reasons
why clones are removed or retained. To answer these new
research questions, we introduce a qualitative analysis of de-
veloper discussions, supported by additional manual analy-
ses and a broader discussion of the findings.

2 Background

2.1 Modern Code Review
Modern Code Review (MCR) was introduced by Cohen
(2010) and popularized by Bacchelli and Bird (2013). It is a
software development practice where team members review
code changes submitted by a developer to identify defects,
improve quality, and promote knowledge sharing. Review-
ers typically look for bugs, performance issues, design flaws,
and style violations (Pascarella et al., 2019; Paixão et al.,
2020; Uchôa et al., 2020).
This practice is widely adopted by major companies such

as Microsoft (Bacchelli and Bird, 2013), Facebook (Feit-
elson et al., 2013), and Google (Sadowski et al., 2018).
MCR is iterative by nature, as after the initial review of
the code changes, reviewers provide feedback through com-
ments. The code owner then adjusts the code based on the
comments and resubmits a revised version of the code for
inspection. Thus, code review may go through multiple revi-
sions, which correspond to intermediate versions of the code
that are refined over time (Bacchelli and Bird, 2013). These
revisions serve as temporary versions that are progressively
adjusted until the review is approved and the code changes
are merged into the codebase.
MCR is flexible due to the lack of strict guidelines and is

supported by tools like Gerrit1 and GitHub2, which enable
asynchronous reviews with inline comments. Integration
with version control and CI/CD pipelines further streamlines
the process within agile workflows (Zampetti et al., 2019).

1https://www.gerritcodereview.com/
2https://docs.github.com/en/pull-requests

2.2 Code Clones
Code Clones are pairs of code fragments that are considered
similar based on a defined notion of similarity. This simi-
larity can be assessed at different levels of programming ab-
straction (e.g., statement, block, method, class, package, or
component) and within one or across multiple projects. In
the study by Zakeri-Nasrabadi et al. (2023), code clones are
classified into four types: (1) Type-I, in which the code frag-
ments are identical, except for variations in white spaces and
comments; (2) Type-II, in which the code fragments main-
tain the same structure, but may differ in identifiers’ names,
data types, white spaces, and comments; (3) Type-III, where
the code fragments may include changes in identifiers, vari-
able names, data types, and comments, and parts of the code
may be deleted, updated, or newly added; and (4) Type-IV,
in which the code fragments differ in the text but implement
the same functionality.
Clones may be intentionally added to meet specific re-

quirements or developer preferences. Several studies pro-
pose methods for identifying different types of code clones
by analyzing code repositories (Ain et al., 2019; Shobha
et al., 2021; Zakeri-Nasrabadi et al., 2023), often com-
bining multiple detection approaches. The literature (Ain
et al., 2019; Zakeri-Nasrabadi et al., 2023) highlights com-
mon approaches for clone detection. The textual approach
uses text processing to find Type-I and Type-II clones.
The token-based (lexical) approach (Kamiya et al., 2002;
Ragkhitwetsagul and Krinke, 2019) efficiently detects Type-
III clones, while also identifying Type-I and Type-II clones
by breaking code into symbol sequences for comparison.
Tree-based methods use abstract syntax trees, while graph-
based methods rely on structures like program dependence
graphs (Wang et al., 2020). The semantic approach, usually
based on machine-learning-based techniques, is more appro-
priate for detecting Type-IV clones, which are undecidable
in general. There are other approaches, such as metric-based,
image-based, test-based, or hybrid.
In this study, we use the token-based Siamese

tool (Ragkhitwetsagul and Krinke, 2019) to detect Java code
clones in code review. Siamese was chosen for its scalability
and ability to identify Type-I to Type-III clones, even with
minor code changes, in large codebases (Zakeri-Nasrabadi
et al., 2023).

3 Experimental Setup
To conduct the empirical study proposed in this study, we
selected a clone detector and a code review dataset. Both of
which are presented in this section.

3.1 Siamese Clone Detector
Siamese (Ragkhitwetsagul and Krinke, 2019) is a scalable
and rank-based clone detector designed to enhance both accu-
racy and efficiency. It combines multiple techniques, includ-
ing multiple code representations, query reduction (QR), and
a customized similarity ranking function to detect clones ef-
fectively. The detection process consists of two main phases:

https://www.gerritcodereview.com/
https://docs.github.com/en/pull-requests
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indexing and retrieval. In the indexing phase, the tool pro-
cesses the source code corpus by generating four code rep-
resentations: (i) the original source code (r0), (ii) n-gram
tokens without renaming (r1), (iii) n-gram tokens with re-
named identifiers, literals, and type tokens (r2), and (iv) n-
gram tokens with all tokens renamed (r3).
These representations are obtained through code tokeniza-

tion, a step in which the source code is broken down into
smaller syntactic elements such as keywords, operators, and
literals. After tokenization, Siamese constructs n-grams, i.e.,
sequences of n consecutive tokens, that help capture struc-
tural patterns and local context. This method enhances the
tool’s ability to detect the presence of small code variations
like identifier renaming or command reordering. Addition-
ally, by using n-grams, Siamese increases the robustness of
clone search and can identify both syntactically and semanti-
cally similar code fragments.
In the retrieval phase, a code snippet is used as a query to

search for potential clones within the indexed corpus. The
query undergoes the same preprocessing as the corpus, in-
cluding tokenization and the generation of the four code
representations. Next, Siamese applies query reduction to
each representation, removing common or non-informative
tokens and n-grams. This reduction process favors rare and
more distinctive tokens, aiming to increase retrieval preci-
sion. The aggressiveness of this filtering is controlled by the
qr threshold parameter: lower threshold values result in a
more selective reduction.
Refined queries retrieve similar code segments, which are

then ranked and filtered by a similarity threshold (simThresh-
old) to identify clones. Using a two-phase approach with
token-based representations and ranking, Siamese enables
scalable and effective clone search in large codebases.
In this study, we configured Siamese with the following

parameters: an n-gram size of 4, a QR threshold of 10, and
a boosting factor also set to 4. The minimum clone size was
set to 6 tokens, and the similarity thresholds were defined
as {50%, 60%, 70%, 80%}. We adopted the parameter val-
ues from the original Siamese study (Ragkhitwetsagul and
Krinke, 2019). Although the optimal configuration of these
parameters may vary depending on the dataset characteris-
tics, we adopted the default settings proposed in the original
Siamese study, as they have proven effective across a wide
range of scenarios. Furthermore, we manually validated a
sample of the detected clones and observed high precision,
which supports the adequacy of these default parameters for
the goals of our study.

3.2 The CROP Dataset
CROP is a dataset that stores different code revisions by link-
ing review data with full code snapshots taken at the mo-
ment of the review (Paixao et al., 2018). The dataset records
code changes made during the code review process, includ-
ing their respective revisions.
CROP retrieves snapshots of each revision from projects

hosted on Gerrit. The dataset was built using commits to
store the snapshots of project revisions in repositories trace-
able via Git. Moreover, CROP labels snapshots as before
when they refer to the state of the project prior to a revision’s

Table 1. Number of code reviews and revisions extracted from
CROP

Projects Code Reviews Revisions Collaborators

jgit 9,676 27,559 304
platform.ui 8,565 26,728 787
egit 7,121 17,196 180
couchbase-java-client 1,313 3,918 28
couchbase-jvm-core 1,179 3,249 23
spymemcached 563 1,456 48

Total 28,417 80,106 1,370

submission, and after when they refer to the state following
the submission. This setup enables a deep analysis of the
code review process since it provides a complete record of
the revisions performed.
In this study, we used only the Java projects available in

CROP due to Siamese’s scope. Table 1 shows the projects in-
cluded in this study, along with the number of reviews and re-
visions considered. For this study, we considered 28,417 and
80,106 reviews and revisions, respectively. Additionally, we
included the number of contributors to provide more context
on the scale and collaborative nature of the studied projects,
in total we had 1,370 collaborators for all projects.

4 Research Methodology
In this empirical study, we investigated code clones using
Siamese (Ragkhitwetsagul and Krinke, 2019) to six projects
drawn from CROP (Paixao et al., 2018), with the objective
of classifying code reviews according to the lifecycle behav-
ior of their code clones. We seek to address the following
research questions (RQs):

• RQ1: Does code cloning occur during code review?
This question establishes whether code cloning is suffi-
ciently present during Modern Code Review to justify a
deeper investigation of its characteristics, lifecycle, and
developer practices.

• RQ2: What types of code clones emerge during code re-
view?
After confirming the presence of code clones, this ques-
tion characterizes the predominant clone types, provid-
ing a better understanding of the nature of code duplica-
tion observed during code review.

• RQ3: What is the lifecycle of code clones during code
review?
This question investigates how code clones evolve
throughout the review process, including when they are
introduced, how long they persist, and whether they are
ultimately retained or removed.

• RQ4: Do developers discuss code cloning during code
review?
Beyond understanding clone evolution, this question ex-
amines whether developers explicitly identify and dis-
cuss code cloning during the review process, providing
insights into reviewers’ awareness of code duplication.

• RQ5: What are the reasons that lead code clones to be
removed or retained during code review?
Finally, this question investigates themotivations under-
lying developers’ decisions, helping explain why some
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Figure 2. Empirical methodology employed in this study.

clones are removed whereas others are ultimately re-
tained in the codebase.

To answer the proposed RQs, we carried out a set of pro-
cesses divided into five phases, as illustrated in Figure 2.

4.1 Phase 1: CROP Update
The original CROP dataset includes code review data up un-
til 2017 (Paixao et al., 2018). Hence, we first performed an
update to include code reviews from the years 2017 to 2023.
The update was applied exclusively to the Java projects in
CROP through modifications to the original source code.
The following steps were carried out: Language update and
Adaptation to new Gerrit API.
Language update: The mining code, originally written

in Python 2.7, was migrated to Python 3.10. This update
aimed to ensure compatibility with modern libraries and
tools. Adaptation to new Gerrit API: CROP, developed in
2017, was designed to work with the structure and response
formats of the Gerrit API as it existed at the time. How-
ever, Gerrit has since undergone updates that significantly
changed its API, including modifications to URLs, query pa-
rameters, and data structure. The modifications consisted
of updating HTTP requests and processing the responses re-
turned by the API.
After updating CROP’s source code, as described above,

we ran the mining process to collect the new code review
data. The updated mining process took approximately three
months to execute. Table 1 showcases the code review data
considered in this study. The updated CROP dataset, along-
side all other artifacts created in this study, is available in our

replication package (Uchoa et al., 2026).

4.2 Phase 2: Diffs Processing and Clone De-
tection

The goal of this phase is to identify code clones across revi-
sions. To achieve this, we performed the same clone detec-
tion process for each of the 80,106 revisions extracted from
CROP. For each revision, CROP provides the before and af-
ter snapshots of the codebase, representing the state of the
code as it was right before and right after the revision, respec-
tively. Hence, a diff between the after and before snapshots
contains only the code changes made by the developers in the
respective revision. This is necessary to avoid the rebasing
problem when working with code review data (Paixao and
Maia, 2019). In short, to find potential clones introduced in a
certain revision, we need to i) identify the newly added code,
and ii) use Siamese to find clones between the new code and
the existing code (before snapshot). This process is detailed
next.
First, we take the revision’s before snapshot and index it

into Siamese. Internally, Siamese parses the entire codebase,
preparing the code snippets to be compared against a certain
query, as detailed in Section 3.1. Next, we generate a diff
between the after and before snapshots, representing the set
of changes performed in the revision. Once we generate the
diff file for the revision, we extract the corresponding code
blocks. We organize the code blocks into added and removed
code blocks. Since we want to identify clones that are intro-
duced, we discard the removed code blocks. Finally, we also
discard all added code blocks smaller than six lines of code.
This is the minimum snippet size commonly used to detect
code clones (Wang et al., 2013; Mondai et al., 2018; Sousa
et al., 2024).
In the next step, we use the added code blocks longer than

six lines as queries into Siamese. This way, if Siamese re-
turns a match, it indicates that an added code block is a poten-
tial clone of an existing snippet in the codebase. This process
is repeated for all added code blocks of all revisions consid-
ered in this study. This procedure took approximately two
weeks to execute. In total, considering the 80,106 revisions,
Siamese reported 38,490 code clones.
In our preliminary analysis, we found that some clones re-

ported by Siamese were actually code snippets moved within
the codebase, not true duplicates. Because diff files repre-
sent moved code as separate additions and removals, these
cases appeared as new code. To address this, we cross-
checked all reported clones with their original diff files and
discarded 2,282 clones that came from moved snippets.
Siamese detects clones across the entire codebase, but not

all are relevant to this study. Since cloning is common in
test code (van Bladel and Demeyer, 2021), we excluded
8,275 clones from test files and directories. Additionally,
277 clones moved within test files were also discarded.
All clones not from moved or test code were considered

relevant, resulting in 27,656 relevant clones, which represent
approximately 72% of those reported by Siamese. These
clones appeared in 2,321 code reviews. This set of clones
and reviews was used in Phases 3 and 4 of our methodology,
as described next.
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4.3 Phase 3: Manual Validation

For this phase, initially, we filtered the 27,656 relevant
clones identified in our methodology, as presented in Sec-
tion 4.2. Since clone detection is performed independently
for each revision, the same code snippet may be identified
multiple times within the same revision, across consecutive
revisions, and even across different reviews. Therefore, in-
cluding duplicated clones in the manual validation would not
be representative, as it could lead to repeated analysis of the
same examples, potentially biasing the results by overrepre-
senting certain clones and reducing the diversity of the eval-
uated sample.
To address this, we applied a filtering step to identify

unique clones, i.e., unique code snippets that do not repeat
within the set of detected relevant clones. Thus, for each rel-
evant clone, we generated a hash value based on the code
content. This approach allowed us to group identical clone
instances together and reduce the set to a collection of en-
tirely distinct clones. As a result, we obtained 6,954 unique
clones.
Next, we selected a statistically representative sample

from the set of unique clones. The sample was calculated
using a 95% confidence level and a 5% margin of error, re-
sulting in a set of 365 clones. We adopted uniform strati-
fied sampling, where the distribution of sampled clones was
proportional to the number of unique clones in each project.
This ensured the sample was not dominated by clones from
specific projects.
With the sample selected, we conducted a manual anal-

ysis of the relevant clones detected by Siamese. Although
Siamese showed high accuracy in detecting code clones in
its original study (Ragkhitwetsagul and Krinke, 2019), clone
detectors can still produce false positives (Wang et al., 2013),
which may affect the reliability of our empirical study. Fur-
thermore, even though Siamese is capable of detecting Type-
I to Type-III clones, it does not report the clone type when a
clone match is found.
The manual analysis aimed to validate whether the sam-

pled clones were true clones or false positives. In case of
a true clone, the clone type (Type-I, Type-II, or Type-III)
was also indicated. The validation was conducted by three
authors with experience in code clone analysis. First, two
researchers independently analyzed each clone. In cases of
disagreement, either in terms of clone validity or type, a third
researcher was consulted to make the final decision. To en-
sure consistency and agreement among the evaluators, we
conducted a pilot study with 36 clones (approximately 10%
of the minimum required sample size). The clones included
in the pilot study were not part of the representative sample.
blueDuring the pilot study, both reviewers agreed that all can-
didate pairs were valid clones, obtaining observed agreement
(Po) and expected agreement (Pe) are equal to 100%, making
Cohen’s Kappa undefined due to the absence of rating vari-
ability. For clone type classification, the pilot achieved Po
= 69.44%, Pe = 48.61%, and κ = 0.40, motivating the re-
finement of the annotation guidelines and the involvement
of a third reviewer to resolve disagreements during the sub-
sequent analyses.
For the main manual validation, clone validation achieved

Table 2. Distribution of the total number of unique clones and the
proportional selection of blocks for the sample and pilot per project.

Project Population Sample Pilot

jgit 1,031 54 5
platform.ui 4,092 215 21
egit 998 52 5
couchbase-java-client 347 18 2
couchbase-jvm-core 192 11 1
spymemcached 294 15 2

Total 6,954 365 36

Po = 95.07% and Pe = 95.00%. We report Po and Pe in-
stead of Cohen’s Kappa because this binary task presented a
highly imbalanced class distribution with very few disagree-
ments, making κ less informative. All disagreements were
subsequently reviewed and resolved by a third reviewer.
The manual classification of clone types achieved Po =

61.38%, Pe = 44.19%, and κ ≈ 0.31, indicating a fair level
of agreement between the reviewers. Most disagreements
occurred when distinguishing between Type-I and Type-III
clones because the clone detection tool presents the entire
method containing the detected clone to provide contextual
information, requiring reviewers to manually determine the
exact clone boundaries. Consequently, one reviewer occa-
sionally considered only the identical duplicated statements
(Type-I), whereas the other considered adjacent modified
statements within the surrounding method context (Type-III).
All disagreements were subsequently reviewed and resolved
by a more experienced third reviewer with expertise in both
the clone detection tool and clone type classification.
Table 2 presents the total number of unique clones per

project, along with the number of clones selected for the sam-
ple and pilot study. The results of the manual validation an-
swer RQ1 and RQ2.
The manual validation confirmed that 353 of the 365 sam-

pled clones were true positives. Since this validation indi-
cates that the vast majority of the relevant clones identified
by Siamese correspond to actual code clones, the subsequent
lifecycle analysis (Phase 4) is performed on the complete set
of 27,656 relevant clone instances rather than on the manu-
ally validated sample. In contrast, the set of 6,954 unique
clones is used exclusively for sampling and manual valida-
tion (RQ1 and RQ2), while the full set of relevant clone
instances is retained for the large-scale lifecycle analysis
(RQ3).

4.4 Phase 4: Lifecycle of Clones
After our manual analysis of the clones presented in Sec-
tion 4.3, we proceeded with the analysis of the lifecycle of
the relevant code clones that appear during code review, i.e.,
how long the clones stay in the code review process. The
goal of this phase is answering RQ3 introduced in Section 4.
This analysis builds upon the manual validation presented
in Phase 3, which confirmed the reliability of the detected
clones. Based on this validation, the lifecycle analysis was
conducted on the complete set of relevant clone instances
identified in Phase 2, addressing RQ3 independently of the
qualitative analysis presented in Phase 5. The following de-
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scribes the steps performed for code review classification ac-
cording to the clones’ behavior.
We initially used the 2,321 relevant code reviews and the

27,656 relevant code clones presented in Section 4.2. Al-
though the lifecycle of each clone is analyzed individually,
the unit of analysis reported throughout this study is the code
review. Specifically, every clone contained in a review is
tracked across its revisions, and the review is subsequently
assigned to one or more lifecycle categories according to the
observed behavior of its clones. For the lifecycle analysis,
we selected only the code reviews that contained more than
one revision.
As a result, we collected 1,718 relevant code reviews with

more than one revision. For each selected code review, we
analyzed the lifecycle of every contained code clone by track-
ing the revisions in which that clone appeared throughout the
review process. Based on these clone-level lifecycles, the
corresponding code review was assigned to one or more life-
cycle categories.
All code reviews analyzed in this study were ultimately

merged into the project’s main branch, as they originate from
the CROP dataset. Therefore, throughout this study, the
terms merged and unmerged refer exclusively to the lifecy-
cle of the code clone within a review, not to the outcome of
the review itself. A clone is considered merged if it remains
present in the last revision of the review and is therefore in-
corporated into the final version of the codebase. Conversely,
a clone is considered unmerged if it disappears before the last
revision.
A code review was classified as Single if it contained at

least one clone that appeared in only a single revision. Like-
wise, it was classified as Recurring if it contained at least
one clone that persisted across multiple revisions. We iden-
tified 224 and 1,258 code reviews as Single and Recurring,
respectively. A code review may contain multiple relevant
clones, and different clones within the same review may ex-
hibit different lifecycle behaviors. Consequently, the Single
and Recurring categories are not mutually exclusive. For ex-
ample, if one clone appears in only a single revision while
another persists across multiple revisions, the same review
is assigned to both categories. Therefore, the totals reported
for these categories may exceed the total number of analyzed
code reviews. In our dataset, 236 code reviews belong to
both categories.
After assigning code reviews to the Single and Recurring

groups based on the lifecycle of their constituent clones, we
further characterized the observed clone lifecycles using the
categories presented in Table 3. The Single category includes
cases where clones appear in only one specific stage of the
review process: at the beginning (Early Stage), middle (Mid
Stage), or end (Late Stage).
TheRecurring category captures more complex behaviors,

including clones that span multiple stages, such as from the
beginning to the middle (Emerging Cycle), from the middle,
but not persisting to the end (Central Cycle), from the middle
to the end (Closing Cycle), or throughout the entire review
process (Full Cycle). Additionally, Unstable Cycle refers to
reviews in which clones appear, disappear, and later reappear
throughout revisions.

4.4.1 Duration and Distance Computation

After categorizing the clone lifecycle, we conducted an in-
vestigation into the length of the period that clones remain
in a code review and also the moment at which they appear.
For this, we introduce two new metrics: Duration (Du) and
Distance (Di), as described next.
Let R = {r1, r2, . . . , rn} be the ordered set of n revisions

in a review. Consider a clone c that appears in a subset of
revisions Rc ⊆ R. The Duration of clone c is defined as the
proportion of revisions in which c is present. The Distance
metric evaluates the relative position of the first appearance
of clone c within the revision sequence. Let i be the index
in the revision sequence at which clone c is first introduced
during the code review. The Duration and Distance metrics
are defined in Equation 1.

Du(c) = |Rc|
|R|

Di(c) =

{
0 if i = 1

i
|R| if i > 1

(1)

The special case Di(c) = 0 when i = 1 was introduced to
ensure that clones present from the first revision are assigned
zero distance, consistently representing their introduction at
the beginning of the review. Using the expression i

|R| for
all cases would assign a positive value even when a clone
first appears in the initial revision, which does not match the
intended interpretation of the metric.
Thus, the values of Du and Di range from 0 to 1. Higher

values of Du(c) indicate that clone c persists throughout the
review, while lower values of Di(c) indicate clones that ap-
peared earlier in the revision process. Together, thesemetrics
provide insight into the lifecycle and the moment of introduc-
tion of clones in reviews composed of multiple revisions. We
disregarded code reviewswith only a single revision, as these
do not allow us to understand the Duration and Distance of
a clone within a code review.
To illustrate the computation of theDuration andDistance

metrics, we use review number 22961 from our motivating
example. This review comprises four revisions, denoted as
R = {r1, r2, r3, r4}. The clone under consideration was in-
troduced in the first revision (r1) and removed in the second
revision (r2), thus appearing only in r1. Accordingly, the
subset of revisions where the clone is present is Rc = {r1}.
To compute the Duration of this clone, we consider the

proportion of revisions in which it appeared: Du(c) =
|Rc|
|R| = 1

4 = 0.25. The Distance is calculated based on the
revision in which the clone is introduced: since the clone
appears in the initial revision (i = 1), we apply the case
Di(c) = 0.
These values demonstrate a short-lived clone that ap-

peared early in the review process and was promptly re-
moved, illustrating an effective review practice that ad-
dresses code duplication at an early stage.

4.5 Phase 5: Discussion Analysis and Ratio-
nale Extraction

In this phase, we extended our analysis to investigate how
code cloning is discussed during code review and the ratio-
nale behind cloning decisions. We started from the 2,321
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Table 3. Categories used to assess a clone’s lifecycle

Type Category Description

Single
Early Stage Code reviews where clones appeared only at the beginning.
Mid Stage Code reviews where clones appeared only in the middle.
Late Stage Code reviews where clones appeared only at the end.

Recurring

Emerging Cycle Code reviews where clones appeared from the beginning to the middle.
Central Cycle Code reviews where clones appeared repeatedly during the middle.
Closing Cycle Code reviews where clones appeared from the middle to the end.
Full Cycle Code reviews where clones appeared throughout all revisions.
Unstable Cycle Code reviews where clones appeared, disappeared, and reappeared.

relevant code reviews identified in Phase 2 and filtered only
those containing more than one revision, resulting in 1,718
reviews. This filtering step ensured consistency with the
lifecycle analysis and enabled a comparison between code
clones that were retained and those that were removed. Un-
like Phase 3, which manually validated a representative sam-
ple of unique code clones, this phase relies on a different
stratified sample of code reviews with more than one re-
vision. For each sampled review, we extracted the non-
automatic review discussions and conducted the qualitative
analysis exclusively on those relevant discussions related to
code cloning, thereby providing the basis for answering RQ4
and RQ5.
Next, we conducted a qualitative analysis based on a statis-

tically representative sample of these 1,718 reviews. Using a
95% confidence level and a 5% margin of error, we obtained
a stratified sample of 315 code reviews. For each selected re-
view, we analyzed both the code changes and the associated
discussion.
Initially, we verified whether the discussions within each

code review explicitly addressed code cloning. This step
allowed us to quantify how often cloning is discussed and
to relate these discussions to whether the corresponding
code changes were retained or removed, thus addressing
RQ4. The analysis was performed independently by two
researchers, i.e., investigators. In cases of disagreement, a
third researcher acted as a tie-breaker, following the same
protocol adopted in Section 4.3.
After identifying reviews that contained clone-related dis-

cussions, the two primary investigators first held a cali-
bration meeting to establish a common understanding of
what should be considered evidence of reasoning about code
cloning. Next, they independently extracted the discussion
excerpts they consideredmost representative of clone-related
reasoning, focusing on text that explained why duplicated
code was removed, retained, or otherwise discussed during
the review process.
The independently extracted excerpts were then compared,

and disagreements were subsequently resolved through a
consensus meeting between the two investigators, resulting
in a single agreed set of discussion excerpts. Based on this
final set, the same investigators collaboratively performed
an iterative thematic coding process, grouping excerpts ac-
cording to recurring themes observed across the discussions.
The categories were refined during the coding process until
consensus was reached, resulting in the discussion behaviors
presented in Table 4. This step supports answering RQ5.

Additionally, for all analyzed reviews, including those
without explicit clone-related discussions, we performed a
manual classification of the duplicated code according to
a predefined taxonomy derived from Kapser and Godfrey
(2008). The four categories are: Forking, Templating, Cus-
tomization, and Exact Match. These categories are shortly
described in Table 4. The full definition of each category
alongside examples can be found in the original study and we
computed the Observed Agreement (Po), Expected Agree-
ment (Pe), and Cohen’s Kappa (κ). For binary classification
tasks with highly imbalanced class distributions, we report
Po and Pe because Cohen’s Kappa may become less infor-
mative under these conditions.
The identification of clone-related discussions achieved

high inter-rater agreement, with Po = 89.84% and Pe =
83.32%. We report Po and Pe instead of Cohen’s Kappa be-
cause this binary task presented a highly imbalanced class
distribution with very few disagreements, making κ less in-
formative. All disagreements were subsequently reviewed
and resolved by a third reviewer.
The qualitative coding of the clone-related discussion

excerpts achieved high inter-rater agreement, with Po =
87.94%, Pe = 33.64%, and κ = 0.82, indicating almost
perfect agreement between the reviewers. The remaining
disagreements were subsequently resolved through consen-
sus between the two primary reviewers before the final cate-
gories were established.
Furthermore, we consider a fifth category for cases in

which the duplicated code does not fit any of the predefined
patterns. The classification process followed the same proto-
col adopted in Section 4.3 and at the beginning of this phase:
two researchers independently classified each instance, and
in cases of disagreement, a third researcher acted as a tie-
breaker. This procedure ensured consistency and allowed us
to identify patterns and motivations behind why code clones
are maintained or removed during code review, thereby sup-
porting the analysis of RQ5.

5 Results

5.1 RQ1: Does code cloning occur during
code review?

This research question serves as a sanity check for this em-
pirical study. To investigate code cloning in code reviews,
we first need to verify the presence of code duplication in
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Table 4. Clone-related discussion categories and code clone patterns identified through thematic coding in the qualitative analysis

Type Category Definition

Discussion Behaviors

Refactoring for Reuse Clones are removed through abstraction (e.g., methods or classes).
Direct Clone Removal Clones are removed without further discussion or redesign.
Justified Cloning Clones are retained with explicit technical or practical justification.
Temporary Cloning Clones are introduced as a short-term solution with planned refactoring.
Unjustified Cloning Clones are introduced without explicit reasoning or justification.

Clone
Patterns (Kapser and
Godfrey (2008))

Forking Code is copied to enable independent evolution, often diverging structurally over time.
Templating Code is reused as a template with minor parameter changes, typically resembling boilerplate.
Customization Code is copied and significantly adapted to meet new requirements or constraints.
Exact Match Code is duplicated with minimal or no changes, preserving structure and behavior.

Table 5. Results of the manual validation of clones reported by
Siamese

Project True Clones False Positives

jgit 51 3
platform.ui 213 2
egit 45 7
couchbase-java-client 18 0
couchbase-jvm-core 10 0
spymemcached 15 0

Total 353 12

MCR. Thus, RQ1 is addressed through manual analysis of a
representative sample of 365 relevant clones, as detailed in
Section 4.3.
Table 5 presents the number of true clones and false posi-

tives identified in the manual validation. We can observe that
353 clones were validated as true clones, representing a preci-
sion rate of about 96.7%. This is in line with the precision re-
ported in the original Siamese publication (Ragkhitwetsagul
and Krinke, 2019). Hence, this result shows that Siamese is
a suitable tool for this study.
With this level of precision, when extrapolating to the en-

tire population, it is estimated that at least 26,743 true rele-
vant clones were detected by Siamese. These clones were
detected in a total of 2,321 code reviews. Hence, the average
number of clones per review in which cloning occurs is 12.
These results indicate that code cloning occurs during MCR.
Although jgit has the highest number of code reviews

(9,676), as shown in Table 1, it is platform.ui that has the
most true clones detected (213). This suggests that the quan-
tity of clones does not directly correlate with the number of
code reviews or revisions, but rather depends on other fac-
tors.
Additionally, platform.ui focuses on GUI components,

suggesting that GUI projects may be more prone to code du-
plication due to repetitive layouts, widgets, and event han-
dling. Developers often replicate similar UI patterns, such
as dialogs or menus, across modules.

Answer to RQ1: Code cloning occurs during code
review. In our study, we manually validated 365
clones and found 353 to be true positives. Consid-
ering this high precision, we estimate that approxi-
mately 26,743 of the 27,656 relevant clones identi-
fied are true clones.

Table 6. The number of clone types detected per project.

Project Type-I Type-II Type-III

jgit 7 5 39
platform.ui 123 5 85
egit 17 11 17
couchbase-java-client 5 0 13
couchbase-jvm-core 3 4 4
spymemcached 10 3 2

Total 165 28 160

5.2 RQ2: What types of code clones emerge
during code review?

To address RQ2, we used the 353 true clones observed in the
sample of 365 unique clones. Table 6 presents the number of
clone types identified per project. We observed that 46.74%
were Type-I clones, 7.9% were Type-II, and 45.3% were
Type-III. These findings indicate that the most frequently oc-
curring clone types during code review are Type-I and Type-
III.
We observed that platform.ui has many Type-I clones,

likely due to its focus on UI components where developers
often duplicate code structures. The larger contributor base
in platform.ui may also increase reuse of familiar solutions,
resulting in more exact duplicates. In contrast, jgit shows
more Type-III clones, reflecting different project characteris-
tics.
The low proportion of Type-II clones (7.9%) indicates that

small edits to copied code are uncommon within the same
project. As shown by Svajlenko et al. (2014), who ana-
lyzed millions of clones in 25,000 Java projects, Type-I and
Type-III clones are far more frequent, with only 0.06% of
benchmark clones classified as Type-II. This suggests devel-
opers typically either reuse code exactly or make substantial
changes, rarely simply renaming elements.

Answer to RQ2: Weobserved that themost frequent
clone types are Type-I and Type-III, together repre-
senting more than 92% of the manually investigated
clone samples.

5.3 RQ3: What is the lifecycle of code clones
during code review?

We answer RQ3 by analyzing the clones and the relevant
code reviews identified in Section 4.2.
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Although our manual analysis was based on a representa-
tive 95% sample of the clone population, the high precision
achieved by the Siamese clone detector gives us sufficient
confidence to extend our lifecycle analysis to the broader
population of clones identified in our dataset. We believe this
approach offers a comprehensive perspective on how code
clones behave during the review process. This is particularly
relevant for syntactically identical clones that, despite their
structural similarity, may follow distinct lifecycle patterns
across different code reviews.

Table 7 presents the number of code reviews per project
classified as Single, Recurring, and the intersection between
these categories. In total, 224 and 1,258 code reviews were
identified as Single and Recurring, respectively. The re-
sults show that most projects have Recurring code reviews.
Without considering the code reviews’ intersections, approxi-
mately 84.89%of the code reviews contain clones that persist
across multiple revisions.

Table 7. Distribution of code reviews with multiple revisions by
project, classified as Single, Recurring and Intersection

Project Single Recurrings Intersection

jgit 74 312 61
platform.ui 60 391 67
egit 73 355 64
couchbase-java-client 7 92 21
couchbase-jvm-core 7 85 13
spymemcached 3 23 10

Total 224 1,258 236

By categorizing code reviews as either Single or Recur-
ring, we were able to evaluate their respective lifecycles.
Thus, Table 8 shows the distribution of clone lifecycle stages
within Single code reviews. A total of 287 clones were ob-
served in the Early Stage, 140 in the Mid Stage, and 131 in
the Late Stage. With 51.44%, the majority of clones tend to
appear in the first revision. The chance of a clone appear-
ing in the middle or at the end of the code review is simi-
lar, at 25.09% and 23.48%, respectively. In other words, if
a clone is not recurrent, it will not be merged in 76.53% of
cases. Specifically, the Single code reviews shown in Table 7
give rise to 558 observed Single lifecycle cases, of which 131
(23.48%) correspond to clones that remained until the last re-
vision and were therefore merged into the final version of the
code, whereas the remaining 427 cases (76.53%) correspond
to clones that disappeared before the last revision and were
not merged. Although the unit of classification is the code
review, a single review may contain multiple clones exhibit-
ing different Single lifecycle behaviors. Consequently, the
same review may contribute to more than one lifecycle cat-
egory, causing the total number of lifecycle cases to exceed
the number of Single code reviews.

Table 8. Distribution of Clone Life Cycle Stages in Single Code
Reviews

Project Early Stage Mid Stage Late Stage

jgit 77 44 45
platform.ui 74 43 38
egit 93 36 36
couchbase-java-client 21 7 3
couchbase-jvm-core 14 5 2
spymemcached 8 5 7

Total 287 140 131

Table 9 presents the distribution of clone lifecycle stages
within Recurring code reviews. We identified 224 clones in
the Emerging Cycle, 134 in the Central Cycle, and 426 in the
Closing Cycle. Additionally, 967 clones completed the Full
Cycle, and 31 were categorized as undergoing an Unstable
Cycle. Clones that span the entire code review (Full Cycle)
represent the majority, accounting for 54.3% of the cases.
Meanwhile, clones found primarily toward the final stages
of the review (Closing Cycle) constitute the second-largest
group, with 24.50%. Clones emerging or concentrating in
the earlier stages of the review (Emerging Cycle and Central
Cycle) together account for 21.01%. These data show that if
a clone is recurrent, it is merged into the final version of the
code in 78.17% of cases. Specifically, the Recurring code
reviews shown in Table 7 give rise to 1,782 observed Recur-
ring lifecycle cases, of which 1,393 (78.17%) correspond to
ClosingCycle orFull Cycle, meaning that the clone remained
present in the last revision and was therefore merged into the
final version of the code. The remaining 389 cases (21.83%),
corresponding to Emerging Cycle, Central Cycle, andUnsta-
ble Cycle, refer to clones that disappeared before the last re-
vision and were therefore not merged. Although the unit of
classification is the code review, a single review may con-
tain multiple clones exhibiting different Recurring lifecycle
behaviors. Consequently, the same review may contribute to
more than one lifecycle category, causing the total number
of lifecycle cases to exceed the number of Recurring code
reviews. Finally, clones with unstable behavior during the
review are relatively rare, representing only 1.78% of the to-
tal.
After analyzing the lifecycle of the clones, we looked at

the 353 true clones identified in the sample presented in Sec-
tion 4.3. We analyzed the distribution of clone types across
their respective lifecycle stages. Table 10 presents the results
of this analysis. A joint analysis of Tables 8, 9, and 10 reveals
a notable consistency between the population data and the
sample. The Full Cycle and Early Stage categories remain
the most frequent in both sets, reinforcing the robustness
of the identified patterns. This proportionality also gave us
greater confidence to extend the analysis to the entire clone
population, using the proposed metrics to evaluate the clone
lifecycle in the code review process. The clones that appear
in Single code reviews are mostly Type-III clones, represent-
ing 64.52% of the cases. In Recurring code reviews, Full
Cycle clones are the most prevalent, especially among Type-
I (131 clones), followed by Type-III (94 clones) and Type-
II (19 clones), indicating that most clones persist through-
out the review. Emerging Cycle behavior is more common
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Table 9. Distribution of Clone Lifecycle Stages in Recurring Code Reviews

Project Emerging Cycle Central Cycle Closing Cycle Full Cycle Unstable Cycle

jgit 67 50 105 214 13
platform.ui 79 43 138 300 8
egit 58 27 116 275 8
couchbase-java-client 8 5 34 86 1
couchbase-jvm-core 4 5 24 71 1
spymemcached 8 4 9 21 0

Total 224 134 426 967 31

Table 10. Distribution of Clone Lifecycle Stages by Clone Type

Single Recurring

Type Early Stage Mid Stage Late Stage Emerging Cycle Central Cycle Closing Cycle Full Cycle Unstable Cycle

Type-I 4 2 0 8 1 10 131 0
Type-II 3 1 1 0 2 2 19 0
Type-III 12 6 2 15 9 9 94 1

Total 19 9 3 23 12 21 244 1
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Figure 3. Boxplots illustrating Duration and Distance metrics across the lifecycle stages of Single and Recurring code review clones.

in Type-III clones (15 clones), suggesting greater activity of
syntactically dissimilar clones early in the review. Central
Cycle clones are less frequent but again concentrated among
Type-III clones (9 clones). For Closing Cycle, Type-I leads
with 10 instances, showing that exact duplicates often gain
relevance toward the review’s end. Overall, Type-I clones
exhibit greater stability, while Type-III clones showmore dy-
namic behavior across review stages.
Figure 3 compares the Duration and Distance of clones

in Single and Recurring code reviews. In Single reviews,
Mid Stage clones have the shortest and most variable dura-
tion, while Late Stage clones persist longer and appear far-
ther from insertion. In Recurring reviews, Central Cycle,
Closing, and especially Full Cycle clones have greater dura-
tion and distance, indicating more stability. Unstable Cycle
clones were assigned a Duration of zero due to their inter-
mittent behavior of appearing, disappearing, and reappearing
throughout the review, making a continuous duration unde-
fined. Consequently, they were excluded from the overall
Duration analysis. Full Cycle have a fixed duration of one.
Distance is zero for Early Stage, Emerging Cycle, and Full
Cycle clones, and one for Late Stage clones.
The results presented in Table 11 indicate that, on average,

clones persist throughout a significant portion of the review
process, as reflected by an overall mean Duration of 0.71.
Moreover, the low overall mean Distance of 0.17 suggests
that clones are typically introduced at early stages of the re-
view.

Among the analyzed projects, platform.ui shows the high-
est mean Duration of 0.85 and the earliest mean Distance
of 0.09, indicating that clones are introduced early and tend
to persist throughout the review process. This persistence
suggests challenges in promptly resolving duplication issues,
despite a code review culture.

In contrast, spymemcached exhibits the lowest mean Du-
ration of 0.30 and the latest mean Distance of 0.37, indicat-
ing that clones are introduced relatively early and persist for
a short period, possibly reflecting a more structured review
process.
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Table 11. Mean Duration and Distance of the Clones.

Project Duration Distance

jgit 0.59 0.24
platform.ui 0.85 0.09
egit 0.67 0.22
couchbase-java-client 0.73 0.18
couchbase-jvm-core 0.77 0.17
spymemcached 0.30 0.37

All Projects 0.71 0.17

Table 12. Distribution of discussion categories across reviews with
merged and non-merged clones

Category Merged Unmerged Total

Direct Removal 2 3 5
Justified Cloning 1 5 6
Refactoring for Reuse 1 10 11
Temporary Cloning 1 2 3
Unjustified / Unclear Cloning 5 2 7

Answer to RQ3: Most clone lifecycle cases belong
to long-lived categories, with Full Cycle account-
ing for 54.3% of the cases, indicating that clones of-
ten persist throughout the entire review. In general,
clones survive the review process (0.71 average Du-
ration) and emerge early (0.17 average Distance).

5.4 RQ4: Do developers discuss code cloning
during code review?

To answer RQ4, we conducted a qualitative manual analysis
focused on the discussions associated with code reviews, as
detailed in Section 4.5. From the 315 sampled code reviews,
we identified 32 reviews (10.16%) that explicitly contained
discussions related to code cloning.
During the independent extraction of clone-related discus-

sion excerpts, the two investigators disagreed on 15 of the
32 identified clone-related discussions. These disagreements
were subsequently resolved through a consensus meeting be-
fore the thematic coding process was conducted, ensuring
that the final categorization was based on a single agreed set
of discussion excerpts. Based on this agreed set, the discus-
sions were then categorized into five groups using thematic
coding. To better understand how discussions relate to re-
view outcomes, we compared the distribution of these cate-
gories across reviews with merged and non-merged clones,
as presented in Table 12.
Although clone-related discussions represent a minority

of the analyzed reviews, only 32 out of the 315 sampled
reviews contained explicit discussions about code cloning.
Among these, 22 discussions involved clones that were not
merged (68.8%). This observed distribution suggests that
clone-related discussions may be more common in reviews
where duplicated code is ultimately removed from the code-
base. Given the limited number of clone-related discussions,
these findings should be interpreted as exploratory evidence
rather than definitive conclusions.
Regarding the types of discussions observed, reviews with

Table 13. Distribution of cloned code categories across reviews
with merged and non-merged clones

Category Merged Unmerged Total

Customization 62 77 139
Exact Match 57 47 104
Forking 4 11 15
Templating 31 21 52

clones that were removed are more frequently associated
with Refactoring for Reuse (10 out of 11 cases–90.9%) and
Justified Cloning (5 out of 6 cases–83.3%). In contrast, re-
views with clones that were retained show a higher concen-
tration ofUnjustified / Unclear Cloning, with 5 out of 7 cases
(71.4%) in this category.
These exploratory results suggest that clone-related discus-

sions tend to appear more often in reviews where clones are
not merged, and that the discussion content may vary accord-
ing to the review outcome.

Answer to RQ4: Code cloning is discussed during
code review, although in a minority of cases (32 out
of 315 reviews). When code cloning is discussed, it
appears more often in reviews where clones are re-
moved, suggesting a tendency towards rejection or
revision of changes.

5.5 RQ5: What are the reasons that lead code
clones to be removed or retained during
code review?

To answer RQ5, we combined two perspectives: (i) the qual-
itative classification of the 32 clone-related discussions, and
(ii) the classification of duplicated code patterns across all
315 sampled reviews, as described in Section 4.5.
First, from the code classification perspective, all identi-

fied clones were categorized according to the taxonomy de-
rived fromKapser and Godfrey (2008). Table 13 presents the
distribution of code reviews according to the predefined cate-
gories. The reviews are further grouped based onwhether the
corresponding clones were ultimately retained or removed.
Additionally, in 5 cases, the duplicated code could not be
classified into any of the predefined categories.
The results indicate that, when considering code reviews

with clones that were not merged into the codebase (i.e., in-
stances in the unmerged group), there is a higher proportion
of Customization and Forking patterns. Specifically, Cus-
tomization accounts for 77 out of 139 instances (55.4%), rep-
resenting more than half of the cases in this category. Simi-
larly, Forking appears in 11 out of 15 instances (73.3%), in-
dicating a strong concentration of this pattern among clones
that are not merged. These types of clones typically involve
more extensive modifications or structural divergence, sug-
gesting more complex or experimental changes that may re-
quire further refinement and are therefore less likely to be
accepted.
Conversely, for code reviews with clones that were

merged into the codebase (i.e., instances in the merged
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group), we observe a higher concentration of Exact Match
and Templating patterns. In particular, Exact Match corre-
sponds to 57 out of 104 instances (54.8%), while Templating
accounts for 31 out of 52 instances (59.6%). These patterns
reflect more standardized and straightforward forms of code
reuse, typically involving minimal or well-understood modi-
fications, which may better align with existing practices and
facilitate their acceptance during code review.
From a discussion perspective, the qualitative analysis

helps explain how cloning decisions are made during code
review. As shown in Table 12, 10 of the 11 observed Refac-
toring for Reuse discussions (90.9%) and 5 of the 6 Justified
Cloning discussions (83.3%) occurred in reviews where the
clone was not merged. Although these counts are small, they
suggest that, when duplication is explicitly discussed in these
contexts, it is often critically examined and may lead to refac-
toring decisions or rejection.
In contrast, 5 of the 7 observed Unjustified / Unclear

Cloning discussions (71.4%) occurred in reviews where the
clone was merged. While this observation is based on a lim-
ited number of cases, it suggests that accepted clones may
sometimes be introduced without extensive discussion or ex-
plicit justification. When combined with the prevalence of
Exact Match and Templating patterns observed earlier, this
indicates that simpler and more standardized forms of dupli-
cation are more likely to be accepted with minimal scrutiny.
Taken together, these exploratory findings suggest that

both the structural characteristics of the cloned code and the
presence (or absence) of discussion may influence whether
a clone is ultimately removed or retained in the codebase.
Although discussions about code clones are relatively rare
(32 out of 315 reviews), 22 of these 32 discussions (68.8%)
were associated with clones that were ultimately not merged.
Given the limited number of clone-related discussions, these
observations should be interpreted as initial evidence rather
than definitive conclusions.

Answer to RQ5: Code clones are more likely to be
merged when they involve straightforward reuse pat-
terns, such as Exact Match and Templating. In con-
trast, clones related to Customization and Forking,
which involve more complex or divergent changes,
are more likely to be discussed and removed.

6 Discussion
In this section, we discuss the main findings of our study and
their implications.
Our qualitative analyses revealed that Type-I and Type-III

clones are predominant during code review. Despite modern
development practices and tool support, code duplication re-
mains frequent. Early detection of clones is essential, as they
often persist throughout the review process and are eventu-
ally retained in the codebase, increasing maintenance effort
and the risk of propagating defects. Two main factors con-
tribute to this behavior.
(1) Lack of Perception: Developers and reviewers may

simply not perceive the presence of duplicated code. With-

out clear indications or tool support, these clones can eas-
ily go unnoticed during code review. This observation is re-
inforced by our second qualitative analysis, in which only
32 out of 315 manually analyzed reviews contained explicit
discussions about code clones. Moreover, when clones are
explicitly discussed, they are often removed or refactored.
Although this observation is based on only 32 clone-related
discussions, it provides initial evidence that increased aware-
ness during code review may contribute to mitigating unnec-
essary duplication. This unawareness becomes especially
critical when a bug is introduced, as developers may fix the
issue in one location but overlook its cloned counterpart, po-
tentially leaving the system vulnerable to failures.
(2) Subtle Differences in Type-III Clones: Detecting

clones manually is particularly difficult when the duplicated
code has slight structural or syntactic variations. Type-III
clones, by nature, often contain subtle edits that obscure their
similarity. These differences imply a reduced likelihood of
identification during manual reviews, increasing the chance
that such clones will be retained in the final project without
due consideration.
Beyond these factors, our exploratory results also reveal

distinct behavioral patterns between clones that are retained
and those that are removed. Clones that are removed tend
to be associated with more complex reuse patterns, such as
Customization and Forking, which often involve structural
modifications and are more likely to trigger discussion and
critical evaluation. In contrast, retained clones are predomi-
nantly linked to simpler patterns, such as Exact Match and
Templating, reflecting more straightforward and standard-
ized reuse. From a discussion perspective, removed clones
are frequently associated with refactoring or justified cloning
decisions, whereas retained clones are often introduced with-
out explicit justification. Together, these exploratory find-
ings suggest that simpler and more familiar forms of duplica-
tion may be more easily accepted during code review, while
more complex or visible cases of cloning appear more likely
to be scrutinized and, ultimately, rejected. Although our
manual validation showed high precision (96.7%), the lifecy-
cle analysis depends on the clones detected by Siamese. The
original evaluation of Siamese reported 99% recall for Type-
I, Type-II and Type-III clones, and 88% recall forModerately
Type-III clones, indicating high effectiveness for the clone
types considered in this study. Nevertheless, recall decreases
for more challenging clone instances, which may result in
some clones not being included in our analysis (Ragkhitwet-
sagul and Krinke, 2019).
This behavior aligns with prior findings in the context

of software architecture, where discussions during code re-
view have been shown to correlate with higher-quality ar-
chitectural changes (Paixao et al., 2021). Similarly, our re-
sults indicate that when developers explicitly discuss code
clones, they are more likely to take corrective actions, such
as refactoring or removal. Furthermore, prior research sug-
gests that as software evolves, its design tends to degrade
over time (Uchôa et al., 2020). Although this degradation is
not specifically tied to code cloning, our findings point to a
related phenomenon in the context of code review. In partic-
ular, the absence of discussions about code clones may con-
tribute to the accumulation of duplicated code, representing
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a form of design degradation that emerges during the review
process.

7 Threats to the Validity

We discuss the threats to our study’s validity according to
Wohlin et al. (2012) guidelines on experimentation.
Conclusion and Internal Validity: During code review,

moved code blocks can be misidentified as clones, since only
added blocks are considered. To address this, we analyze the
removed blocks. However, small refactorings still hinder de-
tection. As future work, we propose using Siamese to detect
moved blocks with minor changes. The analysis considered
only code blocks with at least six lines, excluding comments
and other non-code elements. Despite challenges in distin-
guishing comments from operators like /, we removed lines
containing only comments. Isolated lines like closing braces
(}) were kept, as they represent micro clones that may affect
development (Mondai et al., 2018).
A further threat to validity arises from the fact that the

clone lifecycle analysis was conducted on the entire dataset,
whereas the manual validation relied on a sample. Neverthe-
less, the high accuracy observed during manual inspection,
where 353 out of 365 clones were confirmed as true positives,
combined with the similar lifecycle distributions between the
sample and the full dataset, increases our confidence in the
results. Even so, minor differences might still exist if the
entire dataset were manually validated.
An additional concern relates to the qualitative analysis

used to identify the reasons why code clones are removed
or retained during code review. Since qualitative coding
is inherently subjective and may introduce inconsistencies,
two researchers independently analyzed the discussions and
subsequently met to compare and consolidate their findings.
Any disagreements were resolved collaboratively with the
support of a third researcher with extensive experience in
qualitative research in Software Engineering.
Construct Validity: Clone type classification can be im-

precise, as Siamese returns whole methods even if only
parts are added, making manual validation challenging. To
reduce ambiguity, two researchers independently analyzed
each case, with a third resolving disagreements. All re-
searchers have experience in code clone analysis.
External Validity: The dataset used CROP (Paixao et al.,

2018), which is specifically built from code review data
hosted on the open-source platform Gerrit. Although Ger-
rit is widely adopted by large open-source communities
and companies, its review workflows and usage patterns
may differ from those observed in other platforms, such as
GitHub, GitLab, or Phabricator. Furthermore, another threat
stems from the clone detection tool employed in this study.
Siamese (Ragkhitwetsagul and Krinke, 2019) is specifically
designed to work with code written in Java. As such, our
analysis and findings are restricted to Java projects and may
not be generalized to other programming languages.

8 Related Work
This section presents empirical studies that investigate differ-
ent aspects of code quality and developer behavior during the
code review process.
Uchôa et al. (2020) investigate the evolution of design

degradation throughout code reviews and across their revi-
sions. By analyzing review discussions and leveraging 16
software metrics, the authors explore how design degrada-
tion manifests and evolves during the review process. Their
study is based on a large dataset of approximately 14,971
code reviews from seven software projects, providing evi-
dence on how review practices influence design quality over
time.
Similarly, Paixão et al. (2020) focus on understanding

developers’ intentions when performing refactorings during
code review. The authors analyze 1,780 code changes across
six open-source systems and classify refactoring intentions
into seven distinct categories. Their findings highlight that
refactoring is often driven by multiple factors, including
maintainability improvements and design adjustments iden-
tified during the review process.
In another line of work, Pascarella et al. (2019) examine

the effectiveness of code review in addressing code smells
and coding convention violations. Their study spans over
21,000 code reviews, including 16,442 reviews from the
Eclipse ecosystem and a manually analyzed subset of 1,268
cases. The results indicate that only a limited portion of de-
tected issues are actually resolved after review comments,
suggesting that code review does not always lead to improve-
ments in code quality.
Focusing on developer behavior in pull request-based

workflows, Jiang et al. (2021) analyze how modifications
made after the initial submission of pull requests affect the re-
view process. By studying 104,307 pull requests from nine
GitHub projects, they report that approximately 34.56% of
pull requests undergo changes after submission, emphasiz-
ing the iterative nature of modern code review.
Despite these efforts, existing studies primarily focus on

aspects such as refactoring, design degradation, code smells,
and developer activity during reviews. To the best of our
knowledge, no prior work has specifically investigated the
lifecycle of code clones within the code review process. To
address this gap, our study introduces two novel metrics,Du-
ration and Distance, which quantify how long clones per-
sist and when they are introduced during code review. In
addition, we perform a qualitative analysis of developer dis-
cussions to better understand the factors influencing whether
clones are ultimately merged or removed, providing deeper
insights into the decision-making process surrounding code
cloning during code review.

9 Conclusion
In this paper, we conduct an empirical study on the lifecy-
cle of code clones during the modern code review process.
We leverage the Siamese clone detector to analyze six open-
source projects from the CROP dataset, for which we de-
tected a total of 38,490 code clones. We analyze 27,656 rel-



A Mixed-Methods Study on the Lifecycle of Code Clones in Code Review Uchoa et al. 2026

evant code clones and their corresponding code reviews.
After removing duplicate clones from our set of relevant

clones, we identify approximately 6,954 unique clones and
performed a manual validation on them. We found that
96.7% of the clones were true positives, with the majority
being classified as Type-I (46.74%) and Type-III (45.3%)
clones.
We also conduct qualitative analyses focusing on devel-

oper discussions in code reviews. From a manually analyzed
sample of 315 reviews, we identified that only 10.16% (32
out of 315) contained explicit discussions about code clones.
Among these cases, clones were predominantly removed, ac-
counting for 68.8% of the discussions. These findings in-
dicate that while explicit discussions about cloning are rela-
tively rare, they are strongly associated with clone removal,
highlighting the importance of developer awareness and com-
munication during the review process.
We further analyze the lifecycle of relevant clones in code

reviewswithmultiple revisions, calculating theDuration and
Distance metrics. With an average Duration of 0.71, we
found that most clones tend to survive the code review pro-
cess and are retained in the project. Furthermore, we ob-
served that most clones emerge early in the code review, as
the average Distance is 0.17.
As future work, we plan to extend this study by explor-

ing datasets beyond CROP, evaluating other clone detection
tools in addition to Siamese that support multiple program-
ming languages, and analyzing different code review plat-
forms beyond Gerrit, such as GitHub. These directions aim
to improve the generalizability and robustness of our find-
ings.
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