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Abstract—The SZZ method identifies defect-inducing commits
by tracing lines modified in defect-fixing commits back to the
commits that introduced them. While this method is widely
used, it may fail to identify defect-inducing commits that are
untraceable at the line-level. To address this limitation, a previous
study proposed a Token-SZZ method that tracks changes at the
token-level. This approach converts a line-level Git history into
a token-level history by decomposing each line into individual
tokens. While this method is able to identify defect-inducing
commits that the previous SZZ method misses, it also incorrectly
identifies many commits as defect-inducing (false positives),
resulting in decreased performance. To mitigate this issue, we
propose Majority Voting SZZ (MV-SZZ), which consists of two
key features: an N -token representation of the Git history and a
majority voting mechanism. The N -token representation expands
on the token-level concept (where N= 1) by instead using N
(N> 1) consecutive tokens as a single line. This allows the
method to capture more context for defect identification. The
majority voting mechanism identifies the most frequent candidate
commit associated with the changed tokens, and selects it as
the defect-inducing commit. This approach effectively filters out
unrelated tokens and reduces false positives. We compared MV-
SZZ with six SZZ methods on both the Developer-IO and
Defects4J datasets. MV-SZZ achieved the highest F1 and F0.5
scores on both datasets (F1: 0.587 and 0.580; F0.5: 0.591 and
0.578). Interestingly, we found that the issue of increased false
positives due to token-level tracking is not unique to token-level
methods; rather, it is a general problem that arises in SZZ
methods when more accurate tracking is applied. Moreover, we
demonstrated that our majority voting mechanism serves as an
effective filtering strategy for SZZ variants in general.

Index Terms—SZZ, bug inducing commit, software repository
mining, empirical study.
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I. INTRODUCTION

DEFECTS in software are inevitable because humans de-
velop software and they may make mistakes during the

development process. To address this issue, developers engage
in debugging, which is both costly and time-consuming [1],
[2]. As a result, researchers have studied various approaches to
reduce the cost of debugging, including defect analysis, defect
prediction, and automated program repair [3], [4], [5], [6], [7],
[8], [9], [10].

The SZZ method is the de facto standard for constructing
defect datasets used in defect-related studies [6], [8], [11]. The
SZZ method identifies defect-inducing commits that introduced
defective code by analyzing the version control history (e.g.,
Git) and utilizing the blame function [12], [13]. The SZZ
method first identifies the commits that fixed defects, referred to
as defect-fixing commits. Once these defect-fixing commits are
identified, the blame function is applied to the changed lines in
the defect-fixing commits. The blame command displays the
commit hash that last modified a given line of code. The SZZ
method assumes that the commit responsible for introducing the
changed line is the defect-inducing commit.

While the SZZ method is widely used, its accuracy in iden-
tifying defect-inducing commits remains limited, partly due
to inherent limitations of the blame function [14], [15]. The
blame function tracks changes only at the line level, not at
a finer granularity within those lines. As a result, SZZ may
incorrectly identify defect-inducing commits. For example, if
a developer modifies only a comment in a defective line, this
change does not affect the defect. However, the blame function
incorrectly identifies the commit that changed the comment as
a defect-inducing commit.

To address this limitation, Watanabe et al. [16] proposed
Token-SZZ. This method converts the development history so
that each token appears on a separate line, allowing changes to
be tracked at the token level. This token-level development his-
tory allows the blame function to trace changes at a token-level
granularity. They reported that Token-SZZ can identify defect-
inducing commits overlooked by the line-level SZZ method.
While this method has the potential to improve the accuracy
of the SZZ method, it also increases the number of incorrectly
identified defect-inducing commits by tracking tokens unre-
lated to defects, such as parentheses. Hence, it is necessary
to further investigate its advantages and disadvantages, and to
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propose a method that maintains its benefits while mitigating
its drawbacks.

In this study, we address the limitations of Token-SZZ
and propose a new approach. We first replicate the study of
Token-SZZ proposed by Watanabe et al. [16] to understand
its strengths and weaknesses. We then propose a majority
voting SZZ method (MV-SZZ) to address the weaknesses of
Token-SZZ.

The MV-SZZ can be briefly summarized as follows:
1) Each original source code line is converted into multiple

lines, with each line corresponding to a sliding window of
N consecutive tokens (the current token plus N − 1 fol-
lowing tokens). We call this the N -token representation
of the source code. When N = 1 this process is equivalent
to Token-SZZ [16].

2) For a given value of N , the original git repository is
converted into its N -token representation git repository.

3) The basic SZZ method is then applied to the N -token rep-
resentation git repository, and the defect-inducing commit
is selected via a majority voting mechanism.

4) These three steps are repeated with increasing values of
N until a stopping criterion is met, at which point the
optimal value of N is determined. The output of the MV-
SZZ method is then obtained using this optimal value.

We evaluated the effectiveness of the proposed method using
the Developer-informed oracle and Defects4J datasets, which
include 79 OSS projects in total. To evaluate how the funda-
mental components of the MV-SZZ method (specifically, its
N -token representation and majority voting mechanism) work,
and to compare the MV-SZZ with existing SZZ methods, we
addressed the following research questions:

RQ1: How does applying the SZZ method to an N -token
representation repository compare with applying it
to the original repository?
Results: Compared to the basic SZZ method, the
N -token representation at N = 1 identified fewer
defect-inducing and incorrect commits. In contrast,
when N ≥ 2, the N -token representation identified
more defect-inducing commits (up to 22) but also led
to more incorrectly identified defect-inducing commits
(up to 130).

RQ2: How does the selection of defect-inducing commits
by majority voting affect the SZZ method results?
Results: Majority voting significantly reduces the num-
ber of incorrectly identified defect-inducing commits,
while maintaining the number of correctly identi-
fied defect-inducing commits. For example, in the
Developer-informed oracle dataset, when N = 5, ma-
jority voting eliminates 101 incorrect identifications,
with only eight correct identifications being affected.

RQ3: Does the MV-SZZ method outperform the existing
SZZ methods?
Results: The MV-SZZ achieves the best performance
in terms of F1 and F0.5 scores compared to the existing
SZZ methods.

RQ4: Does majority voting act as an effective filter to
improve SZZ performance?

Results: The majority voting mechanism functions as
an effective filter, improving Precision, F1-score, and
F0.5-score for the existing SZZ methods by reducing
FPs.

The contributions of this study are as follows:
• We conduct a comparative study involving six existing

SZZ methods. We find that applying more accurate track-
ing of development history increases the number of false
positives produced by SZZ methods.

• We propose a new SZZ method called Majority Voting
SZZ (MV-SZZ), and demonstrate that it outperforms ex-
isting SZZ methods by combining the N -token represen-
tation and majority voting.

• We investigate the impact of different N values on the
accuracy of the SZZ method.

• We demonstrate that the majority voting mechanism can
be applied as an effective filter not only to the N -token
representation but also to the existing SZZ methods to
improve their accuracy.

• To encourage further research, we provide a replication
package1 for the MV-SZZ method, including the imple-
mentation and datasets.

II. BACKGROUND

This section introduces the SZZ method, reviews related
work, outlines its limitations, and defines key terms.

A. SZZ Method

Sliwerski et al. [17] proposed the SZZ method (B-SZZ),
which automatically identifies defect-inducing commits in a
Git history. B-SZZ comprises two steps: (1) identifying defect-
fixing commits and (2) identifying defect-inducing commits.

In the first step, a defect is selected from an issue tracking
system, and its corresponding defect ID (e.g., the issue report
number in JIRA2) is recorded. In practice, this process is per-
formed for every defect, but for illustrative purposes, we focus
on a single defect. The next task is to scan commit messages
for the defect ID. Commits whose messages contain the defect
ID are then classified as defect-fixing commits.

In the second step, B-SZZ applies the blame command to
every line deleted by the defect-fixing commit. This command
returns the commit hash corresponding to the last modification
of each deleted line. These commit hashes are regarded as
defect-inducing commits. The rationale is that the commits
responsible for the deleted lines in defect-fixing commits are
likely to have introduced the defect, as those lines are assumed
to be directly related to the defect.

B. Related Work

While B-SZZ is widely used, its accuracy in identifying
defect-inducing commits is limited. To address this issue, pre-
vious studies proposed various SZZ method variants [15], [16],

1https://zenodo.org/records/17945172
2https://www.atlassian.com/software/jira
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[18], [19], [20], [21], [22], [23], [24], [25], [26], [27], [28].
Below, we summarize several representative SZZ variants.

AG-SZZ [14]: Kim et al. [14] reported that some deleted
lines in a defect-fixing commit may be unrelated to the defect.
For example, code formatting changes do not affect program
behavior. To address this challenge, they proposed AG-SZZ,
which leverages an annotation graph [18] to filter out deleted
lines that do not impact code behavior, such as those involving
whitespace and comments, thereby improving the accuracy of
identifying defect-inducing commits.

MA-SZZ [20]: Da Costa et al. [20] identified a limitation
of AG-SZZ where it mistakenly identified commits with only
“meta-changes” as defect-inducing commits. “Meta-changes”
include modifications like branch changes, merge changes, and
“property changes”, which refer to non-functional modifica-
tions like comments or code formatting. MA-SZZ solves this
by modifying the annotation graph to connect all meta-change
nodes to their prior changes.

L-SZZ, R-SZZ [15]: Davies et al. [15] proposed two vari-
ants to refine the defect-inducing commits identified by AG-
SZZ. Specifically, these variants aim to filter out false-positive
commits, that is, commits incorrectly identified as defect-
inducing even though they did not actually introduce the defect.
L-SZZ designates the commit with the most code changes as
the defect-inducing commit, whereas R-SZZ chooses the most
recent commit. These heuristics help select a single candidate
when multiple defect-inducing commits are identified for a
single defect-fixing commit.

Other variants implemented in PySZZ [29]: Rosa et al.
[29] conducted a comprehensive empirical comparison of SZZ
variants and released the PySZZ tool for such evaluations. In
addition to the representative variants discussed above, PySZZ
also includes heuristics for handling added lines, such as A-
SZZ [21] and DU-based variants. Although these heuristics can
in principle be combined with other SZZ variants, their original
evaluation suggested only limited improvements. Therefore, we
do not include them in the scope of this study.

Neural-SZZ [26]: Tang et al. [26] addressed the low pre-
cision of existing SZZ methods by using deep learning to fil-
ter out lines unrelated to defects. They proposed Neural-SZZ,
which employs a graph attention network and a learning-to-
rank technique. Neural-SZZ ranks deleted lines based on their
relevance to the defect and applies the blame command to only
the top-ranked lines. This strategy effectively reduces noise
from irrelevant lines, leading to higher precision and F1-scores
compared to previous SZZ methods.

Token-SZZ [16]: Watanabe et al. [16] proposed Token-SZZ
to address the limitation of line-level blame, which cannot
capture fine-grained modifications within a line. Their method
transforms a Git history into a token-level representation so that
blame can trace individual token changes rather than entire
lines. As a result, Token-SZZ can identify defect-inducing com-
mits that may be overlooked by SZZ methods operating on the
original line-level history.

For example, Fig. 1 illustrates an example where the B-SZZ
method fails to track bug-inducing lines. Commit A is a bug-
fixing commit that fixes a bug by replacing variable x with

Fig. 1. Example of tracking an irrelevant replaced line in a defect-fixing
commit.

Fig. 2. Example of tracking a relevant replaced token in a defect-fixing
commit using Token-SZZ.

y (i.e., the variable x was the cause of the bug). The B-SZZ
method uses blame to track line 10 and identifies commit B
as the defect-inducing commit. However, commit B only adds
an argument to line 10. The actual bug-inducing commit is
commit C, which introduces the argument x. Fig. 2 illustrates
an example where Token-SZZ successfully identifies the bug-
inducing commit. In this example, Token-SZZ tracks line 17,
which contains the token x.

C. Limitation: Low Accuracy

While many variants of the SZZ method have been pro-
posed to improve the identification of defect-inducing com-
mits, their accuracy remains limited. For instance, although
Token-SZZ can identify defect-inducing commits that the B-
SZZ method overlooks, it also introduces false-positive defect-
inducing commits, reducing the F1-score by 0.081 [16]. This
indicates that even the most recent SZZ method variants still
have limitations and that there is room for further improvement.

Hence, in this paper, we aim to improve the accuracy of
the SZZ method. We build upon Token-SZZ, whose underlying
concept is theoretically sound owing to its finer-grained repre-
sentation of the Git history, and propose a new variant. Specif-
ically, by adopting a finer-grained representation, we can track
fine-grained changes within a line and identify defect-inducing
commits that the B-SZZ method fails to detect. Therefore, we
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Fig. 3. Example of a git commit.

believe that addressing these issues will lead to a significant
improvement in accuracy.

D. Terminology

Git displays changes between commits as a sequence of
hunks. Each hunk consists of chunks, which are sequences of
lines. In a Git diff, these lines within a chunk are always marked
as either added or deleted (which we refer to as git lines).
Crucially, even a modification to an existing line is represented
as a pair: the deletion of the original line and the addition of
the new one. Fig. 3 illustrates an example commit containing
two hunks and three chunks, where each chunk consists of
consecutive git lines.

The SZZ method identifies defect-inducing commits by find-
ing the original code segments that the defect-fixing commit
modifies. This is achieved by examining the hunks of a defect-
fixing commit to identify deleted lines, including those that
were part of a modification. The underlying assumption is that
deleted lines in a defect-fixing commit can be traced back
to earlier changes that are candidates for the defect-inducing
commit.

In this paper, we consider three git line representations:
the existing line-level and token-level representations, and the
proposed N -token representation. Fig. 4 illustrates these three
representations. Fig. 4(a) depicts the line-level representation,
where each git line corresponds to a source code line, and
Fig. 4(b) illustrates the token-level representation, where each
git line corresponds to a single token. Fig. 4(c) shows the N -
token representation, where each git line consists of a sequence
ofN tokens.N specifies the number of tokens in each sequence.
TheN -token representation is implemented using a sliding win-
dow approach, where the source code is scanned and divided
into consecutive sequences of N tokens. We refer to N as the
sliding window size. In Fig. 4(c), the sliding window size is

Fig. 4. Three types of git line representations.

TABLE I
PITFALLS OF TOKEN-SZZ REORGANIZED BASED ON THE PREVIOUS

STUDY [16]

Ref. number Description

PF1 It is unable to track commits when the changes in defect-
fixing commits consist solely of adding tokens.

PF2 It has the potential to produce a large number of false-
positive defect-inducing commits. For example, tracking
very commonly used tokens, such as parentheses (e.g., {},
()) and semicolons, can lead to such false positives.

N = 3, and the window shifts by one token at a time, thereby
converting the source code into the N -token representation.

Through this conversion, we reconstruct the repository such
that each line corresponds to exactly one contiguous N -token
sequence. By applying the standard git blame command to
this reconstructed repository, we can trace the origin of these
sequences. In other words, the traceability unit in our method
is not an individual token, but the exact sequence of N tokens
represented as a single git line.

In this study, we propose a new SZZ method based on the N -
token representation. The following sections discuss the draw-
backs of the token-level representation and explain how the N -
token representation addresses these limitations.

III. PRELIMINARY STUDY

This preliminary study aims to replicate the recent variant of
the SZZ method proposed by Watanabe et al. [16] and clarify its
drawbacks. Given these drawbacks, we are motivated to refine
Token-SZZ to improve its accuracy.

A. Motivation

Token-SZZ [16] intends to address the cases in which the
defect-inducing line has been modified prior to the defect-fixing
commit in areas not related to the defect. While this method
improves the tracking of defect-inducing lines (benefits), it also
introduces new challenges (pitfalls). Watanabe et al. [16] sum-
marized such benefits and pitfalls by analyzing defect-inducing
commits identified by both Token-SZZ and the traditional SZZ
method. Table I reorganizes the reported pitfalls for the purpose
of our analysis.

In this section, we replicate the study by Watanabe et al. [16]
and investigate the pitfalls of Token-SZZ. Since the previous
study was limited in terms of the studied SZZ methods and
datasets, we extend their analysis to a large-scale empirical
investigation. Specifically, we apply the same analysis to other
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SZZ variants (AG-SZZ, MA-SZZ, L-SZZ, and R-SZZ) to ex-
amine whether the identified pitfalls are unique to Token-SZZ
or common across different variants. Furthermore, because the
original study evaluated only a single dataset, we include an ad-
ditional dataset to enhance the external validity of the findings.
Our goal is to confirm whether their findings are replicable and
generalizable.

B. Approach

To replicate the study by Watanabe et al. [16], we use the
same experimental settings to evaluate both Token-SZZ and
the B-SZZ method. In addition to these two methods, we also
evaluate other SZZ variants to investigate whether the pitfalls
of Token-SZZ are specific to this method or apply generally
to other SZZ variants. Specifically, we evaluate the accuracy
of Token-SZZ and manually inspect the defect-fixing commits.
Since Token-SZZ uses the information from the defect-fixing
commits to identify the defect-inducing commits, we focus our
manual inspection on the defect-fixing commits to clarify the
causes of the pitfalls.

We compare Token-SZZ with the B-SZZ method and the
other selected SZZ variants by examining the number of true
positives (TP) and false positives (FP). Specifically, we analyze
the TP and FP counts with respect to the number of deleted lines
in the original commits.

The rationale behind this analysis is that Token-SZZ aims
to improve the accuracy of tracking deleted lines using the
blame command. We hypothesize that the pitfalls may be due
to issues with tracking the deleted lines. To further investigate
this, we categorize defect-fixing commits based on the number
of deleted lines in the original commits and examine how this
categorization affects the performance of Token-SZZ, the B-
SZZ method, and the other selected SZZ variants. Based on this
analysis, we manually investigate the defect-fixing commits to
clarify the causes of the pitfalls.

We use the Developer-informed oracle dataset [29] and the
Defects4J dataset [30]. In total, we use 79 OSS projects and
206 pairs of defect-fixing and defect-inducing commits.

C. Results

For commits with a small number of deleted lines,
Token-SZZ consistently identifies fewer TP defect-inducing
commits compared to the other SZZ methods. As shown
in Fig. 5, which shows a bar plot with the vertical axis repre-
senting the number of TP defect-inducing commits, Token-SZZ
detects fewer TPs than the other SZZ methods when one line
is deleted. As shown in Table II, for the Developer-informed
oracle dataset, Token-SZZ identifies five fewer TPs than the
other SZZ methods. For the Defects4J dataset, it identifies at
least two fewer TPs than the other SZZ methods. In contrast,
for commits that delete three or more lines, all the compared
methods yield a similar number of TPs.

To understand these differences, we manually examined
defect-fixing commits, focusing on those that deleted only one
line and where Token-SZZ failed to detect the corresponding
defect-inducing commit that the other methods captured. In 14

Fig. 5. Number of TPs for each deleted line in defect-fixing commits.

TABLE II
TP DIFFERENCE (TOKEN-SZZ – VARIANT) FOR DELETED-LINE = 1

Dataset B-SZZ AG-SZZ MA-SZZ L-SZZ R-SZZ

Developer-IO −5 −5 −5 −5 −5
Defects4J −5 −3 −2 −2 −2

out of 15 such cases, the defect was fixed solely by adding
tokens; in other words, the commit fixed the defect without
deleting any tokens. This situation corresponds to the first pitfall
of Token-SZZ (PF1).

For example, Fig. 6 compares a line-level commit and a
token-level commit. The line-level commit shows a deleted line,
whereas the token-level commit does not. Consequently, Token-
SZZ fails to identify the defect-inducing commit.

For commits with a small number of deleted lines in the
Defects4J dataset, Token-SZZ identifies fewer FP defect-
inducing commits compared to the other methods. As
shown in Fig. 7, which shows a bar plot with the vertical axis
representing the number of FP defect-inducing commits, Token-
SZZ detects 28 fewer FPs than B-SZZ when between one and
four lines are deleted in the Defects4J dataset.

For commits with a large number of deleted lines, not
only Token-SZZ but also other SZZ variants tend to
identify more FP defect-inducing commits compared to
the B-SZZ method, except for L-SZZ and R-SZZ. Table III
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Fig. 6. Example commit that both adds and deletes a line in a line-level
history, yet only adds seven tokens in a token-level history.

Fig. 7. Number of FPs for each deleted line in defect-fixing commits.

shows the FP difference compared to the B-SZZ method and
highlights the cases where the number of FPs increases, particu-
larly when a large number of lines are deleted. In the Developer-
informed oracle dataset, Token-SZZ identifies 7 more FPs than
B-SZZ for the defect-fixing commit with 179 deleted lines, and
MA-SZZ identifies 11 more FPs for the defect-fixing commit
with 285 deleted lines. In the Defects4J dataset, Token-SZZ,
AG-SZZ, and MA-SZZ identify 3, 2, and 3 more FPs than B-
SZZ, respectively, for the defect-fixing commit with 48 deleted
lines. Hence, Token-SZZ, AG-SZZ, and MA-SZZ methods may
occasionally increase the number of FPs when the number of
deleted lines is large. In contrast, in such cases, L-SZZ and R-
SZZ can substantially reduce the number of FPs.

TABLE III
FP DIFFERENCE (VARIANT – B-SZZ)

Dataset (deleted lines) Token-SZZ AG-SZZ MA-SZZ L-SZZ R-SZZ

Developer-IO (179) +7 −1 −1 −17 −17
Developer-IO (285) −7 0 +11 −11 −11
Defects4J (48) +3 +2 +3 +1 0

To understand the reasons for the increase in FPs, we manu-
ally examined defect-fixing commits. We observed that these
commits removed entire lines of code, which often contain
the cause of the defect but also include many other tokens
that are unrelated to the defect. For example, tokens such as
parentheses and semicolons are less likely to be the cause of
defects and are less likely to be modified compared to other
tokens. Unless the cause of the defect was introduced when the
line was added, tracking parentheses and semicolons may lead
to FPs. Consequently, Token-SZZ tracks these unrelated tokens,
which can lead to FPs. This situation corresponds to the second
pitfall of Token-SZZ (PF2).

PF2 is not unique to Token-SZZ but is a general pitfall
applicable to SZZ variants that aim to improve tracking
accuracy. Interestingly, we found that the second pitfall (PF2)
can be applied to AG-SZZ and MA-SZZ since they also lead
to an increase in FPs when a large number of lines are deleted.
AG-SZZ and MA-SZZ are designed for more accurate tracking.
We realized that this accurate tracking can increase FPs when
they correctly track lines that are unrelated to the defect. For
example, consider a defect-fixing commit that deletes two lines
from a function unrelated to the bug, and this function had been
moved from another file in a previous commit. B-SZZ might
trace both lines back to the single file-move commit (resulting
in one FP). In contrast, MA-SZZ correctly bypasses the file-
move commit and traces the two lines back to the two different
commits (resulting in two FPs).

This indicates that PF2 is not an exclusive drawback of the
Token-SZZ but also applies to AG-SZZ and MA-SZZ. These
three methods (Token-SZZ, AG-SZZ, and MA-SZZ) are all de-
signed to improve tracking accuracy. Hence, PF2 is not unique
to Token-SZZ but is a general pitfall applicable to SZZ variants
that aim to improve tracking accuracy.

D. Discussion

Our preliminary study replicates the previous study [16] and
reveals the same drawbacks. Given these drawbacks and our
manual analysis, we propose two new solutions to improve
Token-SZZ. First, we use an N -token representation per line,
whereas Watanabe et al. [16] used a single-token representa-
tion. The single-token representation leads to missing cases
in which a defect is fixed only by adding tokens (PF1). In
contrast, the N -token representation can introduce deleted lines
into the diff even in such cases. This is because adding one
token changes the surrounding N -token sequences. This allows
blame to trace the origin of those deleted lines. For example,
Fig. 8 shows the 3-token representation of Fig. 6. While the
single-token representation does not reveal any deleted tokens,
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Fig. 8. Commit diff in a 3-token representation format.

the 3-token representation shows deleted tokens at line 79.
This representation enables Token-SZZ to identify the defect-
inducing commit in cases where the single-token representation
only shows added tokens.

Although the first solution may address PF1, it may also
increase the number of deleted lines and lead to more FPs.
Furthermore, our preliminary analysis shows that the original
Token-SZZ also leads to more FPs (PF2). To address this issue,
we use a majority voting mechanism as the second solution.
This mechanism, similar to L-SZZ and R-SZZ, aims to reduce
FPs by selecting the most suspicious defect-inducing commit
from a set of candidate defect-inducing commits. Once all can-
didates for defect-inducing commits are identified for a defect-
fixing commit, majority voting selects the candidate that is
most frequently identified as the defect-inducing commit. The
selected commit is then considered the defect-inducing com-
mit corresponding to the defect-fixing commit. This method is
expected to reduce FPs, which are often caused by tracking spe-
cific tokens (e.g., parentheses and semicolons) that are unlikely
to be the majority among tokens in defect-fixing commits.

IV. MAJORITY VOTING SZZ: MV-SZZ

To address the drawbacks of Token-SZZ, we propose a new
approach called Majority Voting SZZ (MV-SZZ). MV-SZZ aims
to prevent an increase in FPs while maintaining the number of
TPs. This approach employs the N -token representation and the
majority voting mechanism.

Fig. 9 shows an overview of MV-SZZ. The approach has four
steps. First, MV-SZZ converts a Git history into an N -token
representation. Second, the SZZ method is applied to the con-
verted history to identify candidate defect-inducing commits.
Third, MV-SZZ selects a defect-inducing commit by applying
majority voting to the identified candidate defect-inducing com-
mits. Fourth, N is incrementally increased until the stopping
condition is met to determine the optimal value.

A. Create N -Token Representation History

MV-SZZ first converts the Git history of a target repository.
Specifically, MV-SZZ applies cregit [31] to a Git repos-
itory, as in the previous study [16]. cregit is a tool that
converts a Git history into a history containing a single-token
representation per line. We modified cregit to convert a Git
history into an N -token representation. The modified cregit
has been included in our replication package. Cregit induces
additional space and time costs during the conversion process.

Fig. 9. Overview of the majority voting SZZ method.

In practice, these costs are manageable for typical repositories.
The details of the costs are discussed in Sec. X-C.

B. Apply SZZ

MV-SZZ applies the B-SZZ method to the converted Git
history. Although the B-SZZ method considers all candidates
as defect-inducing commits, MV-SZZ makes no decision at this
point; instead, it records all candidate defect-inducing commits.
Note that since MV-SZZ uses the B-SZZ method, it is essential
to have the complete N -token Git history to apply the blame
command, the core component of the B-SZZ method, at the
token level.

C. Conduct Majority Voting

Given the candidate defect-inducing commits, MV-SZZ se-
lects the defect-inducing commit via majority voting. MV-SZZ
counts the number of occurrences for each candidate within
a defect-fixing commit and selects the candidate that appears
most frequently. Fig. 10 shows our majority voting process. For
a defect-fixing commit wqg4bh with 8 deleted lines, the B-
SZZ method identifies three distinct defect-inducing commits.
Among these, candidate cbayg7 is identified for four deleted
lines. As this candidate is the most frequently identified defect-
inducing commit, MV-SZZ selects cbayg7. In the case of
a tie, MV-SZZ selects all candidates that are most frequently
identified.

D. Iterative Optimization of N

MV-SZZ includes a parameter N . The choice of N impacts
the performance of MV-SZZ, but the optimal value of N may
vary across different repositories. Hence, it is crucial to deter-
mine the optimal value of N for each target repository.

To optimize N , we designed an optimization process based
on an assumption regarding the ideal behavior of SZZ methods.
Specifically, we assume that an ideal SZZ method links each
defect-fixing commit to exactly one defect-inducing commit.
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Fig. 10. Example of the majority voting process.

In other words, an ideal SZZ method would avoid the cases
where a defect-fixing commit is linked to zero defect-inducing
commits (missed links) or to multiple defect-inducing commits
(ambiguous links). The rationale behind this assumption is that
each defect-fixing commit typically addresses a specific defect,
which is often associated with a single defect-inducing commit.
Prior evidence supports this tendency: Lyu et al. [27] reported
that 96.1% (73,109 out of 76,046) of Linux bug-fixing commits
are linked to a single bug-inducing commit, and our inspection
of the replication package of the developer-informed oracle
dataset [29] showed a similar trend, with 99.75% (2,358 out
of 2,364) of instances linked to a single bug-inducing commit.
Therefore, the goal of the optimization process is to find the
value of N that minimizes the number of missed and ambiguous
links. Note that this assumption may not hold in all scenarios,
such as when a defect-fixing commit addresses a defect intro-
duced by multiple defect-inducing commits. Taken together,
these observations suggest that the assumption is a practically
reasonable basis for optimization in the majority of cases.

To evaluate an SZZ method based on this assumption, we
quantify this objective by defining a penalty score P (N) for
each token granularity N . This score represents the total de-
viation from the ideal one-to-one mapping. The penalty score
P (N) is defined as follows.

P (N) = x0 +

∞∑

i=2

(i− 1)xi

xi denotes the number of defect-fixing commits linked to i
defect-inducing commits when using token granularity N . The
ideal one-to-one links correspond to x1 and incur no penalty,
while other cases incur penalties. A heavier penalty is im-
posed when a defect-fixing commit is linked to multiple defect-
inducing commits by multiplying xi by (i− 1); x0 (missed
links) incurs a penalty of 1. A larger penalty score indicates
a greater deviation from the ideal one-to-one mapping.

We iteratively evaluate MV-SZZ with increasing values of
N from N = 1 and compute the corresponding penalty scores
P (N). We stop the iteration when we meet the stopping con-
dition as follows.

P (N)≥ P (N − 1)

This condition indicates that the penalty has either increased or
remained the same when moving from N − 1 to N . When this

condition is met, it suggests that the current token granularity
N is not providing any additional benefit over N − 1, and we
consider N − 1 to be the optimal value.

V. EXPERIMENTAL SETUP

This section outlines the experimental design for evaluating
the effectiveness of the proposed MV-SZZ method. First, we
introduce the research questions (RQs) and their motivation.
Next, we provide an overview of the evaluation process. Finally,
we describe each evaluation step in detail.

A. Research Questions

We define the following four RQs to evaluate the effective-
ness of MV-SZZ:

RQ1: How does applying the SZZ method to an N-token
representation repository compare with applying
it to the original repository? We first investigate
how the sliding window size N , a parameter of the
MV-SZZ method, affects the performance of the SZZ
method by comparing results across different values
of N and against the B-SZZ method. In this RQ, we
aim to clarify the characteristics of defect-inducing
commits identified with different values of N and to
evaluate how varying N impacts the accuracy of the
SZZ method.

RQ2: How does the selection of defect-inducing commits
by majority voting affect the SZZ method results?
To reduce the number of FPs, we employ the majority
voting mechanism for selecting defect-inducing com-
mits. In this RQ, we investigate whether using majority
voting affects the accuracy of MV-SZZ by comparing
it with the B-SZZ method, both with and without the
majority voting mechanism.

RQ3: Does the MV-SZZ method outperform the exist-
ing SZZ methods? We evaluate the performance of
the MV-SZZ method in comparison with existing SZZ
methods. This RQ aims to clarify both the effectiveness
of the N -token representation and the majority voting
mechanism for identifying defect-inducing commits.

RQ4: Does majority voting act as an effective filter to
improve SZZ performance? We evaluate the impact
of the majority voting mechanism on existing SZZ
methods. This RQ aims to clarify the generalizability
of the majority voting mechanism for improving accu-
racy across SZZ methods.

B. Overview

Fig. 11 presents an overview of the evaluation process. The
evaluation follows these steps:
[Step 1]: Prepare datasets. We use repositories from the

Developer-informed oracle dataset [29] and De-
fects4J [30] for evaluation. These datasets provide
ground-truth information on defect-fixing commits
and defect-inducing commits.
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Fig. 11. Overview of the evaluation process.

TABLE IV
DATASET

Dataset Project Commit Bugs

Developer-informed oracle dataset 68 997 287 76
Defects4J 11 26 239 130

[Step 2]: Apply SZZ methods. We apply our proposed
method (MV-SZZ) and six existing SZZ methods
(B-SZZ, AG-SZZ, MA-SZZ, L-SZZ, R-SZZ, and
Neural-SZZ [14], [15], [17], [20], [26]) to the target
repositories.

[Step 3]: Evaluate SZZ methods. We evaluate the impact of
the value of N (RQ1), the effectiveness of major-
ity voting (RQ2), the performance of the MV-SZZ
method (RQ3), and the generalizability of majority
voting (RQ4).

C. Datasets

To evaluate the effectiveness of SZZ methods, we use
datasets that provide ground-truth information on defect-
fixing and defect-inducing commits. In this study, we use
the Developer-informed oracle dataset [29] and the Defects4J
dataset [30] as our data sources (Table IV).

Developer-informed oracle dataset [29]. Rosa et al.
[29] defined heuristics based on manual inspection to identify
defect-inducing commits, resulting in a high-quality dataset of
defect-fixing and defect-inducing commit pairs. The dataset
includes 1,854 repositories written in eight major program-
ming languages: C, C++, C#, Java, JavaScript, Ruby, PHP,
and Python. In this study, we focus on the same subset of
68 Java projects analyzed by Watanabe et al. [16]. Following
their methodology, we first filtered the 1,854 repositories and
retained 72 repositories mainly developed in Java, because man-
ual inspection of commits is required to assess the correctness
of token-level tracking. This restriction to Java is also common
in prior SZZ studies [14], [18], [19]. We then excluded four
projects for the same reasons reported by Watanabe et al. [16]:
one repository no longer existed, one bug-fixing commit had
been removed, and two projects could not be processed by
cregit. We use this exact subset because manual verification

is equally crucial in our study. As a result, our final dataset
consists of 68 projects with 997,287 commits, including 76
pairs of defect-fixing and defect-inducing commits.

Defects4J [30]. To enhance the generalizability of our study,
we also utilize the Defects4J dataset as an additional data
source. Defects4J provides a reliable list of defects and their
corresponding defect-fixing commits, as it collects real-world
defects introduced by human developers. However, Defects4J
does not provide defect-inducing commits. Therefore, we used
the pairs of defect-fixing and defect-inducing commits identi-
fied by Gabin et al. [32], [33] based on the Defects4J dataset.
Specifically, their dataset consists of two parts: 67 bugs taken
from an existing dataset constructed by Wen et al. [34] based on
failing test cases, and 63 bugs manually curated by Gabin et al.
[32], [33]. For the manually curated part, two authors identified
the corresponding defect-inducing commits by consulting bug
reports, failure symptoms, and developer patches. As a result,
the final dataset used in this study consists of 130 pairs of
defect-fixing and defect-inducing commits across 11 projects.
We refer to this dataset as Defects4J.

D. Apply SZZ Methods

To evaluate the effectiveness of the proposed MV-SZZ
method, we compare it with six existing SZZ methods: B-SZZ,
AG-SZZ, MA-SZZ, R-SZZ, L-SZZ, and Neural-SZZ. B-SZZ,
AG-SZZ, MA-SZZ, R-SZZ, and L-SZZ have been widely
adopted as baselines in previous studies [26], [27], [28] and
are implemented in the PySZZ v2 tool [29]. We apply these
methods to the target repositories. In addition, we include
Neural-SZZ as a state-of-the-art SZZ method for comparison
and follow the implementation and experimental settings of the
original study [26].

Additionally, we apply the MV-SZZ method to the same
repositories. To assess the impact of the N -token representation
on SZZ performance, we convert the target repositories into N -
token representations using our modified version of the cre-
git tool [31].

E. Evaluation Metrics

We evaluate the accuracy of identifying defect-inducing com-
mits for each SZZ method. Accuracy is assessed using six
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metrics: TP, FP, Precision, Recall, F1-score, and F0.5-score.
Precision is the proportion of actual defect-inducing commits
among those identified as defect-inducing. Recall is the pro-
portion of defect-inducing commits correctly identified among
all actual defect-inducing commits. F1-score is the harmonic
mean of Precision and Recall, providing a balanced evaluation
of both metrics. These metrics have been widely used in pre-
vious studies [16], [26], [27] to evaluate the performance of
SZZ methods. We also include the F0.5-score as an evaluation
metric to better assess prediction accuracy [35]. F0.5-score is a
weighted harmonic mean that emphasizes Precision more than
Recall, and is therefore appropriate in our setting, where FPs are
more costly than FNs. In the context of SZZ, FPs cause greater
practical harm because they require developers to spend unnec-
essary manual effort inspecting incorrectly identified commits.

F. Statistical Analysis

To incorporate a statistical perspective into our comparison,
we perform the Wilcoxon signed-rank test [36] on the paired
distributions of the accuracy values (e.g., Precision). When a
statistically significant difference is found (p < 0.05), we also
compute Cliff’s delta [37] to evaluate the effect size. This statis-
tical comparison procedure, combining the per-commit scores
with the Wilcoxon test and Cliff’s delta, follows the approach
of a previous study [29].

VI. RQ1. HOW DOES APPLYING THE SZZ METHOD TO AN

N -TOKEN REPRESENTATION REPOSITORY COMPARE WITH

APPLYING IT TO THE ORIGINAL REPOSITORY?

A. Motivation and Approach

RQ1 investigates the impact of the N -token representation
on the accuracy of the SZZ method. Since N is a tunable
parameter, we vary its value from 1 to 10 to clarify its effect on
the SZZ method. We perform both quantitative and qualitative
analyses. For the quantitative analysis, we evaluate the accuracy
of the N -token representation for different values of N and
compare the N -token representation with the B-SZZ method.
In the qualitative analysis, we manually inspect the identified
defect-inducing commits and their corresponding defect-fixing
commits.

B. Results

When N ≥ 2, the N -token representation outperforms
the B-SZZ method in terms of TP, whereas it also results
in an increase in FP. Table V shows the quantitative analy-
sis results. The numbers in parentheses indicate the difference
between the N -token representation and the B-SZZ method.
Red numbers represent cases where the N -token representation
outperforms the B-SZZ method, while blue numbers indicate
cases where the B-SZZ method outperforms the N -token rep-
resentation. Bold numbers highlight the best results across all
N values.

We observe that increasing N from 1 to 9 leads to an increase
in TPs across the two datasets. In particular, when N ≥ 2,
TPs exceed those of the B-SZZ method. This finding indicates

Fig. 12. 3-token representation increases the number of deleted-lines that
are unrelated to the defect-inducing commit.

that the N -token representation is capable of capturing defect-
inducing commits that the B-SZZ method overlooks. However,
the increase in N also leads to a significant rise in FPs. For
example, in the Defects4J dataset, when N = 10, the N -token
representation identifies 22 more TPs than the B-SZZ method,
but it also identifies 130 more FPs. Therefore, it is crucial to
mitigate the increase in FPs while maintaining the improvement
in TPs to enhance the overall accuracy of the SZZ method.

In general, the N -token representation does not outper-
form the B-SZZ method in terms of F1-score. Compared
to the B-SZZ method, the N -token representation achieves a
higher F1-score only when N is 1, 2, 3, and 4 in the Defects4J
dataset. Specifically, the F1-score values for the N -token repre-
sentation exceed those of the B-SZZ method by 0.005, 0.042,
0.040, and 0.028, respectively. These differences are not sig-
nificant enough to conclude that the N -token representation
outperforms the B-SZZ method in terms of accuracy.

The N -token representation increases the number of
deleted lines that are unrelated to the defect-inducing com-
mit, leading to an increase in FP. To understand the reason
behind the increase in FPs, we manually analyzed the identified
defect-inducing commits and their corresponding defect-fixing
commits. We found that the inclusion of deleted lines not related
to the defect-inducing commit is a significant factor contribut-
ing to the higher number of FPs.

For example, Fig. 12 shows a conceptual case, observed
in our manual analysis, where FP increases. There are three
commits: Commit A, Commit B, and Commit C. Commit A
is a defect-fixing commit, and Commit C is a defect-inducing
commit. Commit B is an unrelated commit. In the original Git
history, Commit A contains one deleted line and one added
line, and the deleted line correctly links to the defect-inducing
commit (Commit C, vnfdu2).

However, in the 3-token representation, there are three
deleted lines (lines 56–58). Two of these deleted lines (lines
56 and 57) correctly link to the defect-inducing commit (Com-
mit C, vnfdu2), while one deleted line (line 58) links to an
unrelated commit (Commit B, sa1ciw). As a result, the SZZ
method incorrectly identifies Commit B as a defect-inducing
commit, leading to an increase in FP. Note that while cre-
git generates outputs in the form of “token kinds |
token”, we illustrate only the tokens here to simplify the
visualization.
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TABLE V
COMPARISON OF THE PERFORMANCE OF THE B-SZZ METHOD AND THE N -TOKEN REPRESENTATION WITH N = 1 TO 10

Developer-Informed-Oracle Defects4J

Method TP FP Precision Recall F1 Score F0.5 Score TP FP Precision Recall F1 Score F0.5 Score

B-SZZ 51 133 0.277 0.671 0.392 0.314 80 146 0.354 0.615 0.449 0.387

1-token 43 (−8) 131 (−2) 0.247 (−0.030) 0.566 (−0.105) 0.344 (−0.048) 0.278 (−0.035) 66 (−14) 95 (−51) 0.410 (+0.056) 0.508 (−0.107) 0.454 (+0.005) 0.426 (+0.040)
2-token 52 (+1) 157 (+24) 0.249 (−0.028) 0.684 (+0.013) 0.362 (−0.030) 0.285 (−0.029) 83 (+3) 125 (−21) 0.399 (+0.045) 0.638 (+0.023) 0.491 (+0.042) 0.431 (+0.044)
3-token 53 (+2) 164 (+31) 0.244 (−0.033) 0.697 (+0.026) 0.365 (−0.027) 0.280 (−0.033) 91 (+11) 151 (+5) 0.376 (+0.022) 0.700 (+0.085) 0.489 (+0.040) 0.414 (+0.028)
4-token 55 (+4) 193 (+60) 0.222 (−0.055) 0.724 (+0.053) 0.340 (−0.052) 0.258 (−0.056) 95 (+15) 173 (+27) 0.354 (0.000) 0.731 (+0.116) 0.477 (+0.028) 0.395 (+0.008)
5-token 56 (+5) 197 (+64) 0.221 (−0.056) 0.737 (+0.066) 0.340 (−0.052) 0.257 (−0.057) 98 (+18) 211 (+65) 0.317 (−0.037) 0.754 (+0.139) 0.446 (−0.003) 0.359 (−0.028)
6-token 58 (+7) 205 (+72) 0.221 (−0.056) 0.763 (+0.092) 0.342 (−0.050) 0.257 (−0.057) 98 (+18) 233 (+87) 0.296 (−0.058) 0.754 (+0.139) 0.425 (−0.024) 0.337 (−0.050)
7-token 58 (+7) 216 (+83) 0.212 (−0.065) 0.763 (+0.092) 0.331 (−0.061) 0.247 (−0.067) 98 (+18) 251 (+105) 0.281 (−0.073) 0.754 (+0.139) 0.409 (−0.040) 0.321 (−0.066)
8-token 58 (+7) 224 (+91) 0.206 (−0.071) 0.763 (+0.092) 0.324 (−0.068) 0.241 (−0.073) 100 (+20) 261 (+115) 0.277 (−0.077) 0.769 (+0.154) 0.407 (−0.042) 0.318 (−0.069)
9-token 59 (+8) 235 (+102) 0.201 (−0.076) 0.776 (+0.105) 0.319 (−0.073) 0.236 (−0.078) 102 (+22) 275 (+129) 0.271 (−0.083) 0.785 (+0.170) 0.402 (−0.047) 0.311 (−0.076)
10-token 58 (+7) 240 (+107) 0.195 (−0.082) 0.763 (+0.092) 0.310 (−0.082) 0.229 (−0.085) 102 (+22) 276 (+130) 0.270 (−0.084) 0.785 (+0.170) 0.402 (−0.047) 0.311 (−0.076)

Answer to RQ1

When N ≥ 2, the N -token representation improves TP
(up to 22), but it also results in an increase in FP (up
to 130). The N -token representation captures defect-
inducing commits that the B-SZZ method overlooks,
but it also includes deleted lines unrelated to the defect-
inducing commit, leading to an increase in FP. To im-
prove the accuracy of the SZZ method, it is essential
to mitigate the increase in FP while preserving the im-
provement in TP.

VII. RQ2. HOW DOES THE SELECTION OF DEFECT-INDUCING

COMMITS BY MAJORITY VOTING AFFECT THE SZZ
METHOD RESULTS?

A. Motivation and Approach

RQ2 investigates the impact of majority voting on the ac-
curacy of the SZZ method. We conduct both quantitative and
qualitative analyses. For the quantitative analysis, we first exe-
cute the B-SZZ method, as well as a version of B-SZZ with
majority voting. The B-SZZ method with majority voting is
a basic SZZ approach that uses majority voting to filter out
incorrectly identified defect-inducing commits. This method
demonstrates the impact of applying majority voting on the
accuracy of the SZZ method. We consider these two methods
as baselines. Additionally, we execute the MV-SZZ method,
which uses the N -token representation and majority voting. We
compare the performance of the MV-SZZ method with both
the B-SZZ method and the B-SZZ method with majority voting
across different values of N .

For the qualitative analysis, we manually inspect the commits
that are either filtered out or retained by the majority voting
process. We aim to understand the reasons behind the majority
voting decisions.

B. Results

Using majority voting consistently improves FPs, Pre-
cision, F1-score, and F0.5-score compared to the B-SZZ
method. Table VI shows the quantitative analysis results, dis-
played in the same format as in RQ1. The analysis indi-
cates that applying majority voting significantly reduces FPs,
whereas TPs remain relatively unchanged. For example, in the

Developer-informed oracle dataset, when N = 5, the MV-SZZ
method reduces FPs by 101, while TPs decrease by only eight,
compared to the B-SZZ method.

In terms of Precision, F1-score and F0.5-score, majority vot-
ing leads to a notable improvement over the B-SZZ method. For
example, the B-SZZ method with majority voting achieves F1-
scores of 0.549 and 0.486, while the B-SZZ method achieves
0.392 and 0.449 in the Developer-informed oracle dataset and
Defects4J, respectively. Hence, we conclude that using majority
voting consistently results in better performance than the B-SZZ
method in terms of FPs, Precision, F1-score, and F0.5-score.

When N ≥ 2, the MV-SZZ method outperforms the
B-SZZ method with majority voting. Compared to the B-
SZZ method with majority voting, the MV-SZZ method with
N ≥ 2 achieves a higher F1-score, as shown in Table VI. For
instance, in the Developer-informed oracle dataset, the MV-
SZZ method with 4 tokens achieves the best F1-score of 0.587,
while the B-SZZ method with majority voting achieves an F1-
score of 0.549. In Defects4J, the MV-SZZ method with 10
tokens achieves the best F1-score of 0.591, compared to 0.486
for the B-SZZ method with majority voting. This implies that
using the N -token representation with majority voting is more
effective than using the line-level SZZ method with majority
voting.

The MV-SZZ method outperforms the B-SZZ method
by capturing deleted tokens that the B-SZZ method over-
looks. To understand the reasons behind this improvement, we
manually analyze the TPs detected by the MV-SZZ method but
not by the B-SZZ method. Our analysis reveals that the N -token
representation can capture changes in the sequence of adjacent
lines of code. An N -token representation can merge tokens
from different lines in the line-level history into a single line,
representing that the lines containing those tokens are adjacent.
Consequently, even when a commit only adds lines (without
any deletions at the line level), the N -token representation can
capture changes in the adjacent line sequence.

An example is shown in Fig. 13, where we display both
a line-level commit and its 4-token representation. Develop-
ers inserted new lines (L23–L25) in this commit. Before this
commit, lines 22, 26, and 27 appeared consecutively in the
line-level history (i.e., an adjacent line sequence). The 4-token
representation captures this relationship between lines 22 and
26. When new lines (L23–L25) were inserted, the adjacency
between lines 22 and 26 disappeared. This change is reflected
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TABLE VI
COMPARISON OF THE PERFORMANCE OF THE B-SZZ METHOD AND THE MV-SZZ METHOD WITH N = 1 TO 10

Developer-IO Defects4J

Method TP FP Precision Recall F1 Score F0.5 Score TP FP Precision Recall F1 Score F0.5 Score

B-SZZ 51 133 0.277 0.671 0.392 0.314 80 146 0.354 0.615 0.449 0.387

B-SZZ with Majority Voting 42 (−9) 35 (−98) 0.545 (+0.268) 0.553 (−0.118) 0.549 (+0.157) 0.547 (+0.233) 62 (−18) 63 (−83) 0.496 (+0.142) 0.477 (−0.138) 0.486 (+0.037) 0.492 (+0.105)
MV-SZZ (1 token) 30 (−21) 30 (−103) 0.500 (+0.223) 0.395 (−0.276) 0.441 (+0.049) 0.475 (+0.161) 54 (−26) 37 (−109) 0.593 (+0.239) 0.415 (−0.200) 0.489 (+0.040) 0.547 (+0.160)
MV-SZZ (2 tokens) 41 (−10) 31 (−102) 0.569 (+0.292) 0.539 (−0.132) 0.554 (+0.162) 0.563 (+0.249) 67 (−13) 51 (−95) 0.568 (+0.214) 0.515 (−0.100) 0.540 (+0.091) 0.556 (+0.169)
MV-SZZ (3 tokens) 43 (−8) 30 (−103) 0.589 (+0.312) 0.566 (−0.105) 0.577 (+0.185) 0.584 (+0.270) 72 (−8) 58 (−88) 0.554 (+0.200) 0.554 (−0.061) 0.554 (+0.105) 0.554 (+0.167)
MV-SZZ (4 tokens) 44 (−7) 30 (−103) 0.595 (+0.318) 0.579 (−0.092) 0.587 (+0.195) 0.591 (+0.277) 74 (−6) 61 (−85) 0.548 (+0.194) 0.569 (−0.046) 0.558 (+0.109) 0.552 (+0.165)
MV-SZZ (5 tokens) 43 (−8) 32 (−101) 0.573 (+0.296) 0.566 (−0.105) 0.570 (+0.178) 0.572 (+0.258) 75 (−5) 60 (−86) 0.556 (+0.202) 0.577 (−0.038) 0.566 (+0.117) 0.560 (+0.173)
MV-SZZ (6 tokens) 44 (−7) 31 (−102) 0.587 (+0.310) 0.579 (−0.092) 0.583 (+0.191) 0.585 (+0.271) 76 (−4) 56 (−90) 0.576 (+0.222) 0.585 (−0.030) 0.580 (+0.131) 0.578 (+0.191)
MV-SZZ (7 tokens) 44 (−7) 33 (−100) 0.571 (+0.294) 0.579 (−0.092) 0.575 (+0.183) 0.573 (+0.259) 77 (−3) 60 (−86) 0.562 (+0.208) 0.592 (−0.023) 0.577 (+0.128) 0.568 (+0.181)
MV-SZZ (8 tokens) 43 (−8) 34 (−99) 0.558 (+0.281) 0.566 (−0.105) 0.562 (+0.170) 0.560 (+0.246) 76 (−4) 56 (−90) 0.576 (+0.222) 0.585 (−0.030) 0.580 (+0.131) 0.578 (+0.191)
MV-SZZ (9 tokens) 44 (−7) 32 (−101) 0.579 (+0.302) 0.579 (−0.092) 0.579 (+0.187) 0.579 (+0.265) 76 (−4) 56 (−90) 0.576 (+0.222) 0.585 (−0.030) 0.580 (+0.131) 0.578 (+0.191)
MV-SZZ (10 tokens) 44 (−7) 32 (−101) 0.579 (+0.302) 0.579 (−0.092) 0.579 (+0.187) 0.579 (+0.199) 78 (−2) 56 (−90) 0.582 (+0.228) 0.600 (−0.015) 0.591 (+0.142) 0.586 (+0.199)

Fig. 13. Defect-fixing commit 70f817 in Defects4J google/closure-
compiler: the line-level diff shows only additions, while the 4-token
representation indicates deletions.

as a deletion of the corresponding token line (red line 78) in
the 4-token representation. This deleted token line allows the
MV-SZZ method to successfully identify the defect-inducing
commit, even though no lines were deleted at the line level.

Answer to RQ2

Majority voting consistently improves the SZZ method
by reducing FPs and enhancing Precision, F1-score, and
F0.5-score. When N ≥ 2, the MV-SZZ method outper-
forms the B-SZZ method with majority voting, achiev-
ing higher F1-scores. The N -token representation en-
ables the MV-SZZ method to capture deleted tokens that
B-SZZ overlooks, thereby improving its accuracy.

VIII. RQ3. DOES THE MV-SZZ METHOD OUTPERFORM THE

EXISTING SZZ METHODS?

A. Motivation and Approach

Previous studies have proposed various SZZ methods. In
this RQ, we evaluate the performance of the MV-SZZ method
against existing SZZ methods. We aim to determine whether

the MV-SZZ method outperforms existing SZZ methods. B-
SZZ, AG-SZZ, MA-SZZ, R-SZZ, L-SZZ, and Neural-SZZ are
employed as existing SZZ methods for comparison. In addition
to these methods, this comparison includes the B-SZZ method
with majority voting analyzed in RQ2.

To conduct this comparison, we first determined the op-
timal value of N for MV-SZZ on each dataset. We applied
the iterative optimization process. We calculated the penalty
scores P (N) for each value of N on both datasets. Based on
this process, N = 4 was selected for the Developer-informed
oracle dataset, and N = 6 was selected for the Defects4J
dataset. Therefore, in this comparison, we use N = 4 and N =
6 for the Developer-informed oracle and Defects4J datasets,
respectively.

We compare these methods using the common evaluation
metrics described in Sec. V-E. In addition, RQ3 includes a
statistical comparison to assess whether the performance dif-
ferences between MV-SZZ and the other SZZ methods are
significant, following the procedure described in Sec. V-F.

B. Results

The MV-SZZ method generally outperforms the other
SZZ methods in terms of F1 and F0.5 scores. Table VII
compares the accuracy of the MV-SZZ method with that of
other SZZ methods. The numbers in parentheses represent
the difference between the MV-SZZ method and the existing
SZZ methods. Blue numbers indicate cases where the MV-SZZ
method outperforms the existing methods, while red numbers
indicate cases where the existing methods outperform the MV-
SZZ method. Bold numbers highlight the best results across all
methods.

For both datasets, the MV-SZZ method achieves the highest
F1 and F0.5 scores among all SZZ methods. For example, in
the Developer-informed oracle dataset, the MV-SZZ method
outperforms the B-SZZ method with majority voting by 0.038
in F1-score and 0.044 in F0.5-score. In the Defects4J dataset,
the MV-SZZ method improves F1-score by 0.020 and F0.5-
score by 0.004 compared to the Neural-SZZ method. These
improvements primarily result from the ability of the MV-
SZZ method to significantly reduce FPs without substantially
affecting the number of TPs.

MV-SZZ demonstrated a statistically significant supe-
riority (p < 0.05) over B-SZZ, AG-SZZ, MA-SZZ, and
L-SZZ. Table VII also provides the results of the Wilcoxon
signed-rank test and Cliff’s delta calculations between MV-SZZ
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TABLE VII
COMPARISON OF THE PERFORMANCE OF THE MV-SZZ METHOD AND THE EXISTING SZZ METHOD

Developer-IO (N = 4) Defects4J (N = 6)

Method TP FP Precision Recall F1 Score F0.5 Score TP FP Precision Recall F1 Score F0.5 Score

MV-SZZ 44 30 0.595 0.579 0.587 0.591 76 56 0.576 0.585 0.580 0.578

B-SZZ 51 (+7) 133 (+103) 0.277∗ (−0.318) 0.671 (+0.092) 0.392 (−0.195) 0.314∗ (−0.277) 80 (+4) 146 (+90) 0.354∗∗ (−0.222) 0.615 (+0.030) 0.449∗ (−0.131) 0.387∗∗ (−0.191)
AG-SZZ 49 (+5) 136 (+106) 0.265∗∗ (−0.330) 0.645 (+0.066) 0.375∗ (−0.212) 0.300∗∗ (−0.291) 76 (0) 121 (+65) 0.386∗∗ (−0.190) 0.585 (0.000) 0.465∗ (−0.115) 0.414∗∗ (−0.164)
MA-SZZ 47 (+3) 161 (+131) 0.226∗∗ (−0.369) 0.618 (+0.039) 0.331∗∗ (−0.256) 0.259∗∗ (−0.332) 75 (−1) 132 (+76) 0.362∗∗ (−0.214) 0.577 (−0.008) 0.445∗∗ (−0.135) 0.391∗∗ (−0.187)
L-SZZ 27 (−17) 43 (+13) 0.386∗∗ (−0.209) 0.355∗∗ (−0.224) 0.370∗∗ (−0.217) 0.379∗∗ (−0.212) 50 (−26) 63 (+7) 0.442∗∗ (−0.134) 0.385∗∗ (−0.200) 0.412∗∗ (−0.168) 0.430∗∗ (−0.148)
R-SZZ 38 (−6) 32 (+2) 0.543 (−0.052) 0.500 (−0.079) 0.521 (−0.066) 0.534 (−0.057) 56 (−20) 57 (+1) 0.496∗∗ (−0.080) 0.431∗∗ (−0.154) 0.461∗∗ (−0.119) 0.481∗∗ (−0.097)
Neural-SZZ 37 (−7) 35 (+5) 0.514∗ (−0.081) 0.487 (−0.092) 0.500∗ (−0.087) 0.508∗ (−0.083) 70 (−6) 50 (−6) 0.583 (+0.007) 0.538 (−0.047) 0.560 (−0.020) 0.574 (−0.004)
B-SZZ with Majority Voting 42 (−2) 35 (+5) 0.545 (−0.050) 0.553 (−0.026) 0.549 (−0.038) 0.547 (−0.044) 62 (−14) 63 (+7) 0.496∗∗ (−0.080) 0.477∗∗ (−0.108) 0.486∗∗ (−0.094) 0.492∗∗ (−0.086)

Note: ∗ and ∗∗ indicate p < 0.05 and p < 0.01, respectively (Wilcoxon signed-rank test). Values with a single underline indicate negligible effect sizes,
and values with a double underline indicate small effect sizes (Cliff’s δ).

and the other SZZ methods. For R-SZZ and B-SZZ with major-
ity voting, no statistically significant difference was found in the
Developer-informed oracle dataset, but a significant difference
(p < 0.05) was observed on the Defects4J dataset. Conversely,
for Neural-SZZ, no statistically significant difference was ob-
served on the Defects4J dataset, whereas a significant difference
was found on the Developer-informed oracle dataset. In most
cases where a significant difference was found, this significance
was accompanied by a negligible effect size; however, the com-
parison against L-SZZ showed a small effect size.

Furthermore, the L-SZZ method and the R-SZZ method,
which also employ a candidate commit selection step, show
lower Precision, Recall, F1-score, and F0.5-score compared to
the MV-SZZ method in both datasets. This suggests that, under
the conditions of this study, the majority voting approach for
selecting candidate commits used in the MV-SZZ method yields
superior performance compared to the selection strategies in the
L-SZZ method and the R-SZZ method.

Answer to RQ3

The MV-SZZ method achieved the highest F1 and F0.5
scores across both datasets. Furthermore, statistically
significant differences were observed between MV-SZZ
and all existing methods on at least one of the datasets.

IX. RQ4. DOES MAJORITY VOTING ACT AS AN EFFECTIVE

FILTER TO IMPROVE SZZ PERFORMANCE?

A. Motivation and Approach

The Majority Voting (MV) mechanism improved the identi-
fication of defect-inducing commits in our earlier results. Be-
cause MV operates independently of how SZZ variants initially
identify candidates, it can be easily incorporated into other
existing approaches. Therefore, in RQ4, we investigate whether
the benefits of MV generalize to other SZZ variants. If MV
consistently improves performance across different methods, it
can be recommended as a standard component for SZZ imple-
mentations.

We apply the MV mechanism to the candidate defect-
inducing commits identified by the AG-SZZ and MA-SZZ
methods and compare their performance with and without
the MV mechanism. The evaluation follows the same metrics
and statistical analysis procedures used in RQ3. Variants that
already function primarily as filters, such as L-SZZ and R-SZZ,

are excluded from this analysis because applying the MV mech-
anism to these methods would be redundant.

MV-SZZ consists of two components: the N -token represen-
tation and the MV mechanism. As with the MV mechanism, the
N -token representation is also applicable to other SZZ variants.
However, the primary focus of this study is to evaluate the
effectiveness and generalizability of the MV mechanism itself.
Therefore, combinations of the N -token representation with
other SZZ variants are outside the scope of this paper and are
left for future work.

B. Results

Applying the MV mechanism improves Precision, F1-
score, and F0.5-score for both AG-SZZ and MA-SZZ.
Table VIII presents the accuracy comparison between the origi-
nal AG-SZZ and MA-SZZ methods and their counterparts with
the MV mechanism applied. As shown by the Δ values in the
table, applying MV substantially increases Precision (by +0.114
to +0.245) and the precision-focused F0.5-score (by +0.081 to
+0.222). Although Recall decreases slightly, the F1-score also
shows an overall improvement. This overall improvement stems
primarily from the substantial reduction in FPs driven by the
MV filter, which outweighs the minor loss in Recall.

The statistical analysis, detailed in Table VIII, provides fur-
ther insight into the impact of the MV mechanism. For MA-
SZZ, applying the MV filter resulted in a statistically significant
improvement (p < 0.05) compared to the original method on
both the Developer-informed oracle and Defects4J datasets.
However, for AG-SZZ, the observed improvements did not
reach statistical significance (p≥ 0.05) on either dataset. Re-
garding the magnitude of the impact, Cliff’s delta calculations
indicated that the effect sizes for the statistically significant
improvements observed for MA-SZZ + MV were negligible on
both datasets.

Answer to RQ4

The Majority Voting mechanism functions as a general
filter improving Precision, F1-score, and F0.5-score for
other SZZ methods (AG-SZZ, MA-SZZ) by reducing
FPs. While these improvements reached statistical sig-
nificance for MA-SZZ, the effect sizes were negligible.
This suggests that the MV mechanism can function as
a general filter, although its practical impact may vary
across different SZZ methods.
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TABLE VIII
IMPACT OF APPLYING MAJORITY VOTING (MV) COMPARED WITH ORIGINAL, AND STATISTICAL TEST RESULTS

Developer-IO (N = 4) Defects4J (N = 6)

Method TP FP Precision Recall F1 Score F0.5 Score TP FP Precision Recall F1 Score F0.5 Score

AG−SZZ 40 (−9) 43 (−93) 0.482 (+0.217) 0.526 (−0.119) 0.503 (+0.128) 0.490 (+0.190) 62 (−14) 62 (−59) 0.500 (+0.114) 0.477 (−0.108) 0.488 (+0.023) 0.495 (+0.081)
MA−SZZ 40 (−7) 45 (−116) 0.471∗ (+0.245) 0.526 (−0.092) 0.497 (+0.166) 0.481∗ (+0.222) 61 (−14) 60 (−72) 0.504∗ (+0.142) 0.469 (−0.108) 0.486 (+0.041) 0.497 (+0.105)

Note: ∗ and ∗∗ indicate p < 0.05 and p < 0.01, respectively (Wilcoxon signed-rank test). Values with a single underline indicate negligible effect sizes,
and values with a double underline indicate small effect sizes (Cliff’s δ).

TABLE IX
COMPARISON OF THE IMPACT OF TIE-HANDLING STRATEGIES (DEFECTS4J)

Strategy TP FP Precision Recall F1 F0.5

excluding 73 (−3) 51 (−5) 0.589 (+0.013) 0.562 (−0.023) 0.575 (−0.005) 0.583 (+0.005)
most-changed-lines 75 (−1) 53 (−3) 0.589 (+0.010) 0.577 (−0.008) 0.581 (+0.001) 0.584 (+0.006)
most-recent 73 (−3) 55 (−1) 0.570 (−0.006) 0.562 (−0.023) 0.566 (−0.014) 0.569 (−0.009)

X. DISCUSSION

A. Handling Ties in Majority Voting

In RQ1 and RQ2, we examined how the sliding window
size N and majority voting affect the accuracy of the SZZ
method. We found that the optimal sliding window size, in
combination with majority voting, improves the accuracy of the
SZZ method. Based on these findings, we proposed the MV-
SZZ method. While our MV-SZZ method outperforms existing
SZZ methods (RQ3), there is still room for improvement. In this
discussion, we take a closer look at the tie-handling strategy in
the MV-SZZ method to investigate its impact on the accuracy
of identifying defect-inducing commits. We aim to suggest a
way to further improve the MV-SZZ method and encourage
additional research in this area.

1) Approach: In the initial implementation of the MV-SZZ
method, when a tie occurs, we select all tied commits. However,
the handling of ties is a key design choice, and it is not self-
evident which strategy yields the best accuracy. Therefore, in
this discussion, we compare this selecting strategy with three
alternative tie-handling strategies and assess their impact on
accuracy. Specifically, we consider (1) the excluding strategy,
which excludes all tied commits, (2) the most-changed-lines
strategy, which selects the commit with the most changed lines
among the tied commits, and (3) the most-recent strategy,
which selects the most recent commit among the tied commits.

The parameter N was set to the same values as in RQ3. In
this setting, we realized that ties only occurred in the Defects4J
dataset; thus, we evaluated the accuracy of these strategies using
only the Defects4J dataset.

The results are shown in Table IX. The left column displays
the performance of the three alternative tie-handling strategies.
The right column shows the performance difference between
such alternative strategies and the selecting strategy. Bold val-
ues indicate cases where the alternative strategy outperforms
the selecting strategy.

2) Results: There is no single silver bullet among the tie-
handling strategies. Each strategy exhibits distinct strengths
and weaknesses across evaluation metrics. The excluding strat-
egy achieves the best Precision, improving it by 0.013 compared

to the selecting strategy, indicating that discarding ambiguous
candidates can effectively reduce FPs. The most-changed-lines
strategy offers the highest F0.5-score improvement of 0.006 and
a slight increase in F1-score of 0.001, suggesting that priori-
tizing commits with larger changes better balances precision-
oriented performance. In contrast, the selecting strategy attains
the highest Recall, reflecting its tendency to include more poten-
tial defect-inducing commits. In summary, the optimal tie-
commit strategy should be selected based on the metric
prioritized for evaluation.

B. MV-SZZ vs Neural-SZZ

In RQ3, we observed that MV-SZZ slightly outperformed
Neural-SZZ in terms of F1 and F0.5 scores, while Neural-SZZ
also demonstrated competitive performance. However, a key
practical distinction lies in the way the two methods are config-
ured. Neural-SZZ requires manually annotated training data and
model training, whereas MV-SZZ does not rely on supervised
training. This difference introduces two practical limitations
for Neural-SZZ. First, preparing manually annotated training
data requires substantial effort and time. Second, determining
an appropriate training configuration, such as the number of
training epochs, incurs additional cost because it directly affects
model performance and generalization.

To further investigate the second limitation, we analyzed
the training behavior of Neural-SZZ using the same manually
annotated data as the original paper [26]. Fig. 14 illustrates the
F1-score of Neural-SZZ at each epoch for both datasets. The
results show that the optimal number of epochs differs across
datasets: on Defects4J, performance peaked at epoch 6 and
remained stable afterward, while on the Developer-informed
oracle dataset, the best result was achieved at epoch 0, meaning
that training actually degraded performance. These findings
indicate that Neural-SZZ is prone to overfitting the training
data and that identifying an appropriate training configuration
requires non-trivial effort.

Overall, MV-SZZ provides practical advantages over Neural-
SZZ. It avoids the need for manually annotated training data
and model training, eliminates the cost of epoch tuning, and
demonstrates slightly better performance.

C. Running Time and Space Costs

Running time and space costs are critical considerations
when using SZZ methods in practice. Therefore, in this section,
we discuss the running time and space costs associated with our
MV-SZZ approach.
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Fig. 14. F1-score of Neural-SZZ each epoch on the two datasets.

TABLE X
RUNNING TIME BY DATASET (MINS)

Dataset MV-SZZ B-SZZ AG-SZZ MA-SZZ L-SZZ R-SZZ Neural-SZZ

Developer-IO 2348 4 13 16 19 15 17
Defects4J 155 1 4 6 7 6 21

The running time of MV-SZZ is considerably higher than the
other studied SZZ variants. Table X shows the running time
comparison among all studied SZZ methods. MV-SZZ takes
approximately 123 to 587 times longer than the other SZZ
variants on the Developer-informed oracle dataset, and 7.4 to
155 times longer on the Defects4J dataset. Interestingly, the
total runtime for MV-SZZ on Defects4J is significantly shorter
than on the Developer-informed oracle dataset.

The total running time of MV-SZZ is primarily dominated
by two factors: (1) the execution cost of cregit itself, and
(2) the repeated invocation of cregit during the iterative
search for the optimal value of N . In our experiments, cregit
accounts for 1,974 out of 2,348 minutes on the Developer-
informed oracle dataset and 106 out of 155 minutes on the
Defects4J dataset. Thus, improving the cregit-related part of the
pipeline is essential for making MV-SZZ practical.
Cregit consists of two main steps: tokenization and writing

the converted commit history. As noted in the original cregit
paper [31], the tokenization step is the most time-consuming.
However, cregit already performs tokenization using srcML
[38], which provides an efficient source-code transformation
infrastructure. Therefore, the more immediate opportunity for
reducing the running time of MV-SZZ is not to redesign tok-
enization itself, but to reduce how often tokenization is invoked
during MV-SZZ execution.

First, the execution scope of cregit can be reduced. Our
current implementation processes the entire project history.
However, MV-SZZ does not require all files in all commits.
A practical optimization is to first identify the files changed
by the defect-fixing commit, then trace only the history of
those files (e.g., using file-restricted git log with –follow
where applicable), and finally tokenize only the relevant files
in the relevant commits. This optimization can substantially
reduce both the number of processed commits and the number
of tokenized files.

Second, the number of cregit executions can be reduced.
In the current iterative process, cregit is executed indepen-
dently for each value of N . However, once tokenization has

been performed, the token stream can be reused to generate
commit histories for multiple values of N . Since tokenization
is the most expensive step, performing it only once and writing
multiple N -token histories from the same tokenized output
would substantially reduce the total running time.

These optimizations are promising engineering directions for
improving the practical scalability of MV-SZZ, and we con-
sider them important topics for future work. If implemented,
they would directly address the main bottlenecks of the current
implementation, especially the repeated invocation of cregit
and its unnecessarily broad execution scope.

Regarding space costs, applying cregit generates a new
N -token repository for each iteration. As these repositories
contain significantly more lines than the original source code,
they consume considerable storage space. For example, the
original Defects4J dataset is 0.42 GB, but the generated N -
token repositories grow to 1.71 GB during the process.

However, these space costs are temporary and manageable.
The purpose of MV-SZZ is to identify defect-inducing com-
mits. Once the SZZ analysis is performed for a specific N ,
the corresponding N -token repository is no longer needed. The
repository can be deleted before proceeding to the next iteration,
preventing a cumulative burden on storage.

XI. THREATS TO VALIDITY

Construct Validity: The validity of our study depends on the
quality of the ground truth data. The Developer-informed ora-
cle dataset [29] relies on information provided by developers,
while the Defects4J dataset contains defect-inducing commits
labeled by Gabin et al. [33]. The quality of these datasets may
introduce bias into the experimental results. To address this, we
incorporated manual verification in our experiments; however,
manual verification does not cover the entire dataset. Future
studies should conduct replication studies with other datasets
to further validate our findings.

External Validity: Our experiments were conducted using
Java projects from the Developer-informed oracle and the De-
fects4J datasets. The use of two datasets, each created through
different methods, enhances the generalizability of our results.
These datasets collectively include 79 distinct projects from
various application domains and sizes, strengthening the gener-
alizability of our findings within the Java ecosystem. However,
as both datasets consist solely of Java projects, our findings
may not directly apply to other programming languages. Future
studies are encouraged to investigate the applicability of our
findings to other programming languages.

Internal Validity: We implemented existing SZZ methods
using the PySZZ library [29] and the Neural-SZZ replication
package [26]. Consequently, the performance of these methods
is dependent on these specific implementations.

Another potential threat is the exploratory manual analy-
sis performed to identify the characteristics of defect-inducing
commits identified by SZZ methods. This exploratory process
may introduce subjectivity, as this process relies on the human
judgment. To mitigate this threat, the analysis was conducted
independently by two authors. For RQ1 and RQ2, the two
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authors independently examined the target bug-fixing commits
and discussed their qualitative characteristics. We report the
agreement percentage as the proportion of bug-fixing commits
for which the two authors initially reached the same interpre-
tation before discussion. The resulting agreement percentage
was 92/206 (44.7%) for RQ1 and 123/206 (59.7%) for RQ2.
Because the analysis used open coding [39], the initial phase al-
lowed flexibility in wording, granularity, and perspective, which
likely contributed to the relatively low agreement percentages.
After the independent analyses, we discussed the disagreements
and reached a consensus on the final set of characteristics.
In RQ1 and RQ2, we then reported the most comprehensive
qualitative characteristics identified through these discussions.

XII. CONCLUSION

In this paper, we proposed and evaluated a novel SZZ
method, called MV-SZZ. The MV-SZZ method consists of two
main components: (1) the N -token representation, which con-
verts each line-level git line into N consecutive tokens, and (2)
a majority voting mechanism to select defect-inducing com-
mits. We demonstrated that the N -token representation iden-
tifies more correct as well as more incorrect defect-inducing
commits. We then showed that the majority voting mechanism
significantly reduces the number of incorrect commits. We also
found that the majority voting mechanism is effective not only
for our N -token representation but also for existing SZZ meth-
ods. We evaluated MV-SZZ against six existing SZZ methods
on the Developer-informed oracle and Defects4J datasets. The
results showed that MV-SZZ achieved the best F1 and F0.5
scores among all methods.

The accuracy of MV-SZZ relies on the assumption that most
lines deleted in defect-fixing commits are directly related to
the defect injection. However, this assumption does not always
hold true. For instance, a defect-fixing commit may include
changes unrelated to the defect, such as modifications resulting
from commit untangling [40]. These unrelated deleted lines can
influence the vote, potentially causing a commit unrelated to
the original defect to be mistakenly identified as the source.
Therefore, the accuracy of MV-SZZ could be further improved
by identifying and filtering out such unrelated lines before the
majority voting process.
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