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Abstract
Corrective maintenance is crucial to ensure the quality of software,
thereby improving reliability and user experience. In a version con-
trol system (VCS), developers write commit messages to document
their changes and support later maintenance. Therefore, the uti-
lization of commit messages to accomplish corrective maintenance
has become a common practice among software engineering prac-
titioners and researchers. Still, to this day, no secondary study has
mapped the research landscape of how commit messages have been
used in corrective software maintenance.

We present a systematic mapping study of 97 primary sources
published between 2004 andMay 2025, where we examine the goals,
potential utilization of source code artifacts along with commit
messages, methodologies, stakeholders, and the key findings about
their influence on corrective maintenance.

Our analysis reveals a growing interest in the usage of commit
messages to perform corrective maintenance tasks, in particular
for bug analysis and bug fix identification goals. Surprisingly few
studies address other themes such as automated program repair, se-
curity development practices, etc.We find that the software artifacts
most used in combination with commit messages are commit "diffs"
and that repository mining, together with natural language pro-
cessing (NLP) and artificial intelligence/machine learning (AI/ML)
are the methodological foundations of studies in this field. Among
stakeholders considered in previous studies, developers play the
most important role in shaping corrective maintenance practices.

Key findings in previous studies about commit messages estab-
lish their significant role in corrective maintenance, due to the fact
that they carry crucial information helpful for stakeholders to un-
derstand and improve the code base through the software evolution
process. Often, though, commit messages lack important informa-
tion and are not enough to convey the intent of code changes to
future readers. Therefore, developers should be aware of commit
message contextual richness while committing code changes in
VCS.

CCS Concepts
• General and Reference → Surveys and Overviews; • Soft-
ware and its Engineering → Software Maintenance; • NLP →
Software Artifacts.
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1 Introduction
Software maintenance encompasses a broad set of activities (such
as implementing new features, fixing bugs, enhancements, etc.)
performed on software products to ensure their quality and long-
term sustainability in the market [9]. According to Swanson [14],
these activities are classified into three categories, namely correc-
tive, adaptive and perfective. Among them, corrective maintenance
deals with modification of a software product performed after de-
livery to correct discovered bugs in source code [5, 14]. Corrective
maintenance derives its importance not only from the huge costs
it induces but also in the way it affects customer relations and
ultimately, the revenue of the software company [2, 4, 10].

During corrective maintenance, developers need to understand
the code changes enough to analyse problems, identify the bugs and
determine how they should be fixed without breaking anything [16].
In VCS, commit messages play a crucial role in facilitating collab-
orative software development and might be the only source of
information left for future developers to understand what changes
were made and why [8, 15, 19]. Therefore, the usage of commit mes-
sages to accomplish corrective maintenance has become a common
practice within the software engineering community.

To improve corrective software maintenance, researchers in-
vestigate the feasibility of commit message usage in combination
with various artifacts such as code changes and apply different
techniques, namely repository mining, NLP, AI/ML, and manual
inspection. These techniques are used in various areas such as
bug analysis, prediction, program repair, patch identification, etc.
However, the landscape of commit message usage in corrective
maintenance remains fragmented, with various goals and method-
ologies being employed. Researchers have conducted numerous
empirical studies and propose various tools, yet little work has
been done to comprehensively map this field and synthesize the
findings about how commit messages influence corrective main-
tenance. To fill this knowledge gap, we conducted and present in
this work a systematic mapping study that provides an overview of
historical trends, assesses the role of commit messages in corrective
maintenance, and identify areas where further research is required.
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Paper structure. Section 2 details the methodology of our study.
We focus on fundamental research questions, such as where and
when the research was published, and the goals that drive re-
searchers to engage in corrective software maintenance using com-
mit messages. In addition, we examine the potential utilization of di-
verse source code artifacts along with commit messages, their usage
patterns, methodology, stakeholder perspectives, and the key find-
ings about how commit messages influence corrective maintenance
activities. We followed a systematic methodology with defined in-
clusion/exclusion criteria, screening steps, backward snowballing,
validated and refined via discussion between authors. This led to the
selection of 97 primary studies, which were then categorized based
on various dimensions related to our research questions. Section 3
presents our main results, which can be summarized as:

• There is consistent and growing research interest in the
usage of commit messages to address corrective maintenance
tasks, with a spike in the 2022–2023 years.

• The major goals of corrective maintenance pursued by min-
ing commit messages are bug analysis and bug fix iden-
tification; surprisingly few studies address others such as
automated program repair, security development practices,
etc.

• The most dominant recurring source code artifact usage pat-
tern is {commit messages, code changes}within the software
engineering community where repository mining serves as
the methodological foundation, often supported by {NLP,
AI/ML} and occasionally complemented by expert manual
inspection.

• Among human stakeholders considered in previous work,
developers appeared most frequently in our primary sources,
indicating their central role and influence in the corrective
software maintenance strategies.

• Our findings reveal that commit messages play a significant
role in corrective maintenance activities since they carry
crucial information helpful for stakeholders (i.e., developer,
maintainer, and researcher) to understand and improve code
base through software evolution process. However, com-
mit messages often lack necessary information and are not
always sufficient to represent the intent of code changes.

In Section 4, we present a set of key recommendations for stake-
holders such as developers, maintainers, and researchers supported
by our primary sources. Before concluding (Section 6), we discuss
threats to the validity of our study in Section 5.

Contributions and Data Availability. This paper presents (i) the
first secondary study on the usage of commit messages for correc-
tive software maintenance activities, and (ii) a publicly available
replication package [6] containing the dataset of 97 analyzed papers
and a structured taxonomy categorizing their key characteristics.
All code and data used in this study are included in the package.

2 Methodology
To conduct this study, we adopt the methodology proposed by Pe-
tersen et al. [12, 13] to ensure a systematic and reproducible ap-
proach for selecting and analyzing relevant articles. The methodol-
ogy is organized around three main phases: developing research

questions (Section 2.1), selection of primary sources (Section 2.2),
and data collection (Section 2.3).

2.1 Research questions
To systematically assess the role of commit messages in corrective
software maintenance, according to scientific works published so
far, we stated the research questions (RQ) listed below, together
with their rationales:

• RQ1 Where and when was the study published?
Rationale: grasping the evolution over time and macro-fields
of studies that rely on commit messages.

• RQ2 What were the goals of the study?
Rationale: mapping the ultimate, often unstated, reasons that
drive researchers to engage in corrective software mainte-
nance using commit messages.

• RQ3 What software artifacts were used in the study?
Rationale: grasping the potential utilization of diverse source
code artifacts in corrective software maintenance, along with
commit messages.

• RQ4 What research methodology was used in the study?
Rationale: understanding which methodological techniques
are needed to benefit from commit messages for corrective
maintenance needs.

• RQ5 Which human stakeholders’ perspectives were considered
in the study?
Rationale: understanding which stakeholders are involved
is essential to locate who can later improve corrective soft-
ware maintenance practices. Answer to this RQ will also
help in identifying potential biases and gaps in empirical
evidence, as well as opportunities to improve collaboration
and knowledge transfer.

• RQ6 What were the key findings of the study, about how com-
mit messages influence corrective software maintenance?
Rationale: understanding the key findings from studies pro-
vides overview of how commit messages influence corrective
maintenance, and also best practices for practitioners.

2.2 Selection of primary sources
Figure 1 illustrates the protocol applied for selecting our primary
sources. Initially, we formulated automatic query search criteria
to be used on selected popular online libraries and executed them.
After deduplication and noise removal of obtained results, we ap-
plied inclusion and exclusion criteria, titles and abstracts screening,
reviewing full content of the sources, and conducted backward
snowballing phase to obtain the final set of primary sources.

2.2.1 Step 1: Automatic query search. To identify the key terms
for our search query, we adopted the PICO framework [7], com-
monly used in systematic reviews, which stands for “Population,
Intervention, Comparison, and Outcome”. This approach formu-
lates research questions and structure as outlined by Petersen et al.
[12]. Our systematic mapping study focused on the Population and
Intervention components. The Population component in our study
refers to software domain context entities. We defined this using
the terms: software, repository, project, application, code, github.
The Intervention component pertains to the classification processes
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Figure 1: Protocol used for the selection of primary sources.

{Title:((commit OR commits) AND (message OR messages))
OR
Abstract:((commit OR commits) AND (message OR messages))}
AND
Abstract:(<domain context terms>)

Figure 2: Query template applied on the selected digital li-
braries. This query searches for the singular or plural form
of “commit” and “message” words in either title or abstract
and any domain context terms (i.e., “software”, “repository”,
“project”, “application”, “code”, “github”) in abstract to keep
the search highly relevant.

applied to these entities. We defined this using singular and plural
forms of the terms: commit and message.

We did not include the comparison component because our study
does not involve comparing different methods or interventions
against each other. Our objective is to map the existing research
on corrective software maintenance as a whole rather than to eval-
uate or contrast specific approaches. Similarly, we also excluded
the outcome component because we are not focusing on specific
measurable outcomes from commit message usage in corrective
maintenance activities such as accuracy metrics. In summary, our
aim is to identify and categorize the following characteristics of ex-
isting studies: data sources, methodologies, and key findings about
commit message usage in corrective maintenance activities.

Figure 2, presents the search query template, adapted to the syn-
tax and semantics of selected bibliographic database. This query
was applied exclusively to the title and abstract of research articles.
We also added domain context terms in query because “commit or
commits” and “message or messages” keywords are very common

Table 1: Inclusion and exclusion criteria.

Parameters Inclusion Exclusion

Contribution
content

Articles that includes contri-
butions related to corrective
maintenance

Articles that do not include
this feature in the contribution

Language Article written in English Article not written in English
Source type Must be peer reviewed Not peer reviewed such as

tutorials, editorial notes, ab-
stract, technical reports, thesis,
book chapter etc.

Accessibility Article available in full text Article not available in full text
Extension If multiple publications of the

same study exist presenting
the same analysis, the latest
version will be included

Articles for which a newer or
more complete version exists

in the human psychology literature such as “No one commits sui-
cide: Textual analysis of ideological practices”; searching for them
in article title and abstract returned large amounts of non-relevant
articles during our iterations on the search query. Thus, our ap-
proach ensures high relevance of the retrieved articles without
compromising the breadth of the search.

We conducted automatic query search on several popular online
digital libraries i.e., IEEE, ACM, Scopus, Springer, ScienceDirect,
and Wiley similar to a previous study by Balla et al. [3]. These
selected digital libraries represent the major repositories available
in the field of software engineering. For ScienceDirect database, we
applied query to the title, abstract, and keywords, as the database
natively supports built-in filtering across these fields. In addition,
given that Springer database does not support complex queries,
we adjusted our search strategy using phrases (i.e.,“commit mes-
sage” OR “commit messages” OR “commits”) on article title only to
maintain the core focus of the query. To reduce non-relevant arti-
cles from Springer database, we compared different search phrase
combinations, evaluating the noise ratio in the returned results. Fur-
thermore, while executing query, the whole database was searched
instead of specifying time frame aiming to build a more comprehen-
sive dataset on the target topic for systematic mapping study. Thus,
we obtained a total of 880 papers from initial automatic query on
the selected digital libraries.

2.2.2 Step 2: De-duplication and noise removal. In this step, our
goal is to ensure that the collected papers are both unique and
highly relevant to mapping study. To achieve this, we first remove
duplicates based on paper titles and DOIs.We thenmanually inspect
the remaining studies to catch any duplicates that may persist due
to noise in the article metadata. This filtering ensures that every
study we include offers a distinct contribution to the knowledge
base. Through this process, we have identified 484 candidate papers
for title and abstract screening.

2.2.3 Step 3: Title and abstract screening. In this step, we performed
screening of the retrieved papers based on title and abstract, as rec-
ommended by Petersen et al. [13]. This step was performed by the
first author, who read titles and abstracts, and applied inclusion/ex-
clusion criteria listed in Table 1. Out of the 484 total papers retained
thus far, 399 papers were rejected, leaving 85 potentially-relevant
papers for full content screening.
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Table 2: Data collection scheme.

Research
Question

Dimension Scale

RQ1 Year Time-based scale
RQ1 Venue Single-choice scale
RQ2 Goal Single-valued open scale
RQ3 Type of source code artifacts used

with commit message
Multi-valued open scale

RQ4 Type of research methodologies Multi-valued open scale
RQ5 Type of stakeholders Multi-valued closed scale
RQ6 Key findings about commit message Multi-valued open scale

2.2.4 Step 4: Full content screening. In this step, we applied the
inclusion/exclusion criteria as listed in Table 1 to the full content
of the papers obtained from step 3. The task was collaboratively
performed by two authors (i.e., 1st and 2nd author). This task began
by discussing and aligning on systematic approach to identify the
contribution content and ultimately agreeing to assess whether
commit messages were mined as part of the studied methodology
and were aligned with corrective maintenance. We did not measure
Kappa agreement because the task was conducted collaboratively
through continuous discussion and consensus-building, making
statistical inter-rater reliability measurement unnecessary [11].

Based on the assessment conditions, the first author manually
annotated all 85 papers obtained from step 3. The annotation pro-
cess allowed the first author to mark papers as “may be” in case
of uncertainty about their inclusion, prompting a second evalua-
tion by the second author. After mitigating the uncertain cases, we
accepted 59 papers relevant to our target study.

2.2.5 Step 5: Backward snowballing. To improve retrieval of rele-
vant studies missed in the previous steps, we incorporated back-
ward snowballing as an additional step. This process was applied
to the 59 papers accepted during the selection of primary sources
in step 4. The snowballing phase followed established methodology
used for evaluating primary sources: we began with 59 direct stud-
ies and manually checked the references of each study iteratively.
These were processed through three sequential steps: (i) removal
of duplicate papers, (ii) document filtering through “commit mes-
sage” keyword searching and (iii) full-content screening. During
full-content screening, we found that some studies incorporated
commit messages as part of their methodology but did not highlight
this in the title or abstract, making it necessary to include these
studies in the primary sources. After three successful backward
snowballing iterations, we were not able to identify any new papers,
indicating that the process had fully converged. Thus, we identified
38 additional studies, bringing the total number of primary sources
to 97.

2.3 Data collection
The process of data collection aims to obtain thorough information
from the primary studies corresponding to the scales, as outlined
in Table 2. The data collection protocol follows standard rules and
practices commonly employed in software engineering literature
reviews [7, 20]. This involves a series of steps conducted by both
authors in three collaborative iterations.

Figure 3: Year-wise publication (rolling 2-year) trend.

During initial iteration, both authors reviewed the same 25 sam-
ple papers from the 97 primary sources. They reviewed the full text
of the papers and extracted the information according to predefined
research question dimensions and conducted an initial classifica-
tion. Some challenges arise where certain data items are missing,
poorly defined, or require inference from context. Such instances
are flagged for further investigation in subsequent iterations.

In the second iteration, authors cross-reference and merge their
individual data summaries into an integrated table. Unclear data
items are revisited and resolved through discussions and further
research together. For instance, a category labeled “check together”
is added for the evaluation procedure due to a lack of justification
in some studies, requiring additional research to determine the
subject system domains and ensure that their interpretations of the
different dimensions and scales were aligned.

In the third iteration, the first author proceeded to read and
extract the information from the remaining papers at a flexible yet
systematic pace to maintain methodological rigor and held weekly
meetings with second author to resolve any arising issues. Once the
information was extracted from all papers, the evaluators met again
to homogenize the vocabulary used for the open scales following an
open card sorting process [20]. For each open scale, the evaluators
listed and consolidated the information extracted from the papers.
For instance, for the scale “goal of research”, we consolidated the
extracted terms “bug prediction”, “just-in-time defect prediction
and localization” under the common term “bug identification and
localization”. Once the exhaustive list of values for each scale was
established, the first author applied them to all papers. For certain
open scales, we further analyzed recurring patterns in the data,
grouping them into distinct themes to provide additional depth
and structure to the analysis. For instance, for the scale “Type of
source code artifacts used”, we grouped all values related to source
code artifacts in version control system (e.g., code changes, issue
tracking, vulnerability information from security advisory, etc).

Finally, the results are summarized into integrated table statistics,
count the number of studies for each technique associated with
data items, and group similar techniques into broader categories.
Both authors participate in comprehensive discussions to finalize
data classifications for the study. These classifications and patterns
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Figure 4: Publication venue types.

Figure 5: Publication venues.

are further discussed in Section 3, providing a comprehensive in-
terpretation of the findings.

3 Results
In this section, we review and analyze the information extracted
from 97 primary sources following the scales and dimensions iden-
tified for each research question in Table 2. For each dimension,
the number of studies matching it is indicated in parentheses. The
raw data, analysis scripts, and plots discussed in this section are
available from the reproducibility package [6].

3.1 RQ1 Where and when was the study
published?

Year of publication. Figure 3 shows the analyzed primary sources
span over two decades, from 2004 to May 2025. To analyze publica-
tion trend, we used a two-year span instead of a single year because
the publication process commonly takes multiple years, making
one-year counts an unreliable measure of output. Thus, our trend
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Figure 6: Taxonomy of research goals where the goal cate-
gories are clustered under four major themes (plus Others).

analysis indicates that the number of publications increases over
time, with notable peaks in 2022-2023 and a decline in 2024–May
2025. The latter decrease is common in secondary studies and is
most likely due to incomplete indexing of recent publications by
the bibliographic database.

Overall, these observations suggest a growing and sustained
research interest of exploiting commit messages for corrective soft-
ware maintenance: the topic remains active and evolving.

Venue. Publication venues are quite varied, reflecting the nature
of research on corrective maintenance and the shared interests of
various communities. As shown in Figure 4, the research commu-
nity published their works more through conferences (71) than
journals (26). While research papers are published across a wide
range of venues, most works are published in leading software
engineering international conferences like ICSE (13), MSR (8), ES-
EC/FSE (6), and SANER (6), as well as in the top journals like TSE
(5), EMSE (4), TOSEM (3), and JSS (3) reflecting a particularly strong
contribution from the empirical software engineering community
as shown in Figure 5. However, other venues appear only once or
twice in the dataset, showcasing the broad distribution of studies
throughout the publication landscape. This suggests that using
commit messages for corrective maintenance is highly relevant to
software engineering domains and concentrated in top conferences
and journals.

3.2 RQ2 What were the goals of the study?
Since our focus is on the use of commit messages for corrective
maintenance, it is essential to understand which goals researchers
pursue with them. In this research question, we particularly review
the specific goals of executing research on corrective maintenance.
Our analysis led us to identify eight categories of corrective main-
tenance activities as shown in Table 3.

Figure 6 illustrates the frequency of papers related to each cor-
rective software maintenance category. We observed that the goals
motivating to undertake research activities can be clustered un-
der four major themes: bug analysis (53), automated program re-
pair (7), bug fix identification (26), and security development prac-
tices (6). Among these, the bug analysis category comprises two
subcategories—bug identification and localization, and bug triaging—
while the bug fix identification category includes subcategories
security patch identification and stable patch identification. The
majority of the papers fall under bug identification and localization
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Table 3: Research goal categories and their relevant papers from primary source.

Categories Goals List of Papers

Bug analysis Analysis of compiler bug propagation, dormant bugs vs non-dormant bugs, atom of confusion,
reverted commits, security vulnerabilities, root causes of program bug, defect proneness,
relationships between stability and bug-proneness of clones, correlation between commits
social characteristics and bugginess, etc.

[30, 35, 41, 58, 76,
77, 98, 103, 109,
110]

Bug identification and
localization

Just-in-time defect prediction and localization, vulnerable dependency prediction, impact of
tangled code changes on defect prediction models. In addition, this category also include
optimization related topics such as investigation of “unfair, imbalanced” datasets effect on
prediction performance, impact of misclassifications of bug reports in prediction, quality of
attributes in predicting defect, heuristic to improve fault prediction, improve tracing of defects
through new SZZ algorithm, evaluate commits that introduce bug, searching code that is
semantically identical to given buggy code and assessing practitioner beliefs about software
defect prediction, etc.

[21, 29, 31–34, 36,
38, 40, 45–50, 56,
57, 59, 60, 62, 63,
71, 74, 75, 78, 84–
87, 89, 90, 92, 93,
101, 104, 106, 108,
111, 112, 116]

Bug triaging Assessing bug report and recommending the most appropriate developer for bug resolution. [23, 26, 53]
Automated program
repair

Improving patch quality and correctness, vulnerability comprehension in automated program
repair and thereby reducing manual efforts.

[22, 28, 44, 66, 94,
96, 97]

Bug fix identification Identifying commits that fix bugs. In addition, this category also include optimization related
topics such as improving classification of bug fix commits, analyze data quality that have
influence on bug fixing process, relation of bug fix and commit size, etc.

[24, 27, 67, 70, 95,
105]

Security patch identi-
fication

Security patch identification/localization, hidden security fix pattern identification, commits
that fix bugs with security implications and alert users to silent fixes, characterize the nature
of security fixes in comparison to other non-security bug fixes, etc.

[42, 52, 61, 72,
73, 81–83, 88, 91,
99, 100, 102, 107,
113–115, 117]

Stable patch identifica-
tion

Identifying stable patches that can be used for long term. [64, 65]

Security development
practice [Human As-
pect]

Understanding why developers introduce vulnerabilities, determining where developers doc-
ument security concerns, informativeness of security commit message, defining systematic
scheme for identifying security vocabularies, creation of a convention for security commit
messages that structure and integrate information about vulnerabilities.

[25, 43, 68, 69, 79,
80]

Others Goals that do not fit above categories such as understanding relation between developer
sentiment and software bugs, dependency management practice in response to bug, etc.

[37, 39, 51, 54, 55]

(40), revealing a strong emphasis on enhancing software reliability
through early stage bug identification during software development.
The next dominant subcategory is security patch identification (18),
which aims to identify hidden security fixes and alert users about
their nature. However, other categories such as automated pro-
gram repair (7), security development practices (6), bug triaging (3),
and stable patch identification (2) received relatively less attention
compared to the dominant categories.

3.3 RQ3 What software artifacts were used in the
study?

Our analysis of what software artifacts were used in the reviewed
studies, together with commit messages, identified 11 types of arti-
facts:

• Code changes: includes diff/patch/code changes of a commit,
lines of code (LOC)/churn per commit within diff, etc.

• Issue tracking: includes information extracted from issue/bug
tracking systems, such as GitHub issues, Jira tickets, Bugzilla
reports, etc.

• Developer metrics: includes number of commits by author
in past, number of files committed by commit author in the
past, co-changed files, number of switches in projects by the
author, ownership of files, work experience, and membership
status such as owner, subscriber, watcher, stranger, etc.

• Vulnerability information: includes information about secu-
rity vulnerabilities, in general from security advisories such
as NVD, SNYK, GitHub, GitLab, reserved CVEs, etc.

• Pull requests: includes data and metadata from pull and
merge requests such as description, discussions, status, code
changes (even when not merged in the target repository at
the end), etc.

• Developer discussions: includes content from question and
answer web sites like stack overflow, mailing list, etc.

• Community feedback: includes feedback from specific com-
munity through surveys, and in some cases also in-person
workshops.

• Release notes: includes information extracted from the re-
lease notes of specific software versions or packages.

• Code comments: includes code comments extracted from
source code.
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Figure 7: Frequency and co-occurrence of software artifacts used to support corrective software maintenance activities.

• Design documents: includes team members document on
design decision.

• Commit metadata: includes commit information other than
messages and diffs (already covered in other categories above),
such as timestamps, commit hash identifiers, authors, etc.

As shown in Figure 7, code changes (78) artifacts emerged as the
most used, followed by issue tracking information (30), developer
metrics (18), and vulnerability information (16). This dominance
suggests that code changes play a central role in shaping the ob-
served research patterns in artifact usage while executing corrective
maintenance related studies—together with commit messages, of
course. Artifact issue tracking contents, while less prevalent than
code changes, frequently co-occur with code changes, indicating
a potential interdependence between the two (and commit mes-
sages). Artifact developer metrics and vulnerability information
from security advisories, though less dominant overall, appear to
complement the roles of both commit messages and code changes
in specific contexts. The most frequently observed combination pat-
tern within the dataset is {commit message, code changes} followed
by {commit message, code changes, issue tracking}, which recurred
across most patterns as shown in Figure 7. This recurring pattern
highlights the significance of their joint application in achieving
desired research goals in corrective maintenance tasks. Conversely,
the isolated use of commit messages appeared less common, im-
plying a lower effectiveness in supporting corrective maintenance
activities by themselves. Artifacts such as code comments and de-
sign documents were observed less frequently and often appeared
in specialized scenarios, indicating their evolving relevance within
the broader framework.

3.4 RQ4 What research methodology was used in
the study?

As shown in Figure 8, our analysis revealed six primary method-
ology types: repository mining, NLP, AI/ML, manual inspection,

Figure 8: Methodology types and their usage patterns.

community feedback, and controlled experiment. Among these,
repository mining (89) emerged as the most dominant, followed by
NLP (82) and AI/ML (72) techniques. The prevalence of repository
mining indicates its broad applicability and perceived effectiveness
across corrective maintenance related research settings. NLP and
AI/ML techniques often appeared in conjunction with repository
mining, suggesting their combined use provides complementary
strengths and enhances the overall rigor of research outcomes.
Manual inspection, while less frequent, was typically employed in
studies requiring deeper analytical or multi-dimensional investiga-
tion on data. The combination { Repository mining, NLP, AI/ML} is
the most commonmethodological pattern, reinforcing the view that
integrating these approaches yields more comprehensive insights.
In contrast, community feedback and controlled experiments were
applied less frequently, reflecting their limited usage for corrective
maintenance research contexts. Overall, the observed patterns col-
lectively highlight a structured hierarchy, where repository mining
serves as the methodological foundation, often supported by NLP
and AI/ML, occasionally complemented by manual inspection.
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Figure 9: Stakeholder types and their mention patterns.

3.5 RQ5 Which human stakeholders’ perspectives
were considered in the study?

Our analysis revealed three primary stakeholder types explicitly
mentioned across the reviewed primary studies: developer, main-
tainer and researcher. Below, we define each stakeholder similar to
previous work [53] as follows:

• Developer: is mainly responsible for building software through
development activities such as writing and modifying source
code, fixing bug, testing components, etc. In addition, han-
dling security responsibilities such as implementing security
controls are integrated part of development role [17]. There-
fore, security engineers and developers are considered as the
same person and used interchangeably.

• Maintainer: is mainly responsible for the governance of
software project such as crucial decision making, reviewing
contributions and merging, bug triaging, ensure code quality
and consistency, etc.

• Researcher: is someone who investigates software-related
phenomena using scientific methods to produce new knowl-
edge, tools, or validated theories.

As shown in Figure 9, developers (81) appeared most frequently,
indicating their central role in corrective software maintenance.
Researchers (48) are next, often considered alongside developers,
suggesting the importance of applied research and collaboration
among researchers and practitioners. Maintainers (19) were con-
sidered last, typically in studies emphasizing stability and security-
focused perspectives, indicating their responsibility for maintaining
system security and compliance. Overall, the findings indicate clear
dominance of developers, underscoring how attention is often given
to stakeholders who play the most critical role in shaping decisions
and improving corrective maintenance practices.

3.6 RQ6 What were the key findings of the study,
about how commit messages influence
corrective software maintenance?

The key findings of the previous studies about how commit mes-
sages influence corrective maintenance are mapped into four major
themes. These are explained as follows.

In bug analysis context, commit messages play a vital role in
tasks such as bug analysis, prediction, and triaging. Previous stud-
ies reported that commit messages convey important semantic
information that helps machine learning models to better under-
stand code changes and improve Just-in-time defect prediction
accuracy [21, 57]. Integrating commit messages with code change
enhances bug detection performance, whereas the absence of either
commit messages or code changes significantly reduces model accu-
racy. In addition, detailed and high-quality messages allow models
to identify bugs more efficiently, while short or noisy ones nega-
tively impact prediction outcomes [30, 38, 45, 63, 87, 89, 106, 108].
Moreover, studies on bug analysis also reported that commit mes-
sages often lack sufficient details [33, 76]. In bug triaging, the lin-
guistic features of commit messages align closely with bug reports,
helping to assign issues to the right developers and improving
triaging accuracy [23, 26, 53]. Overall, informative and structured
commit messages enhance both prediction accuracy and the inter-
pretability of automated tools in managing software bugs.

In automated program repair context, commit messages con-
tribute valuable insights into the intent and context behind code
changes. Well-structured commit messages help large language
models (LLMs) learn to produce better patches, effectively linking
natural language description with code semantics [22, 94]. Studies
on automated program repair also reported that commit message
quality correlates with correct patch identification and recurring
linguistic patterns within commit messages provide features that
improve automated analysis and repair [44]. Overall, high quality
commit messages not only document developer intent but also act
as a rich data source to strengthen the precision and interpretability
of automated program repairing techniques.

In bug fix identification context, commit messages are essential,
but many of them lack informativeness, limiting the automated
detection accuracy [24, 105, 107]. Commit messages that are clear
and descriptive, with fix-related keywords or issue references, en-
able tools to distinguish bug-fix commits from regular updates and
support efficient maintenance tracking [27, 70]. For security patch
identification, well-crafted messages containing security-related
keywords such as CVE ids combined with code diffs are especially
useful in recognizing vulnerability-fixing commits and significantly
improve model accuracy [72, 73, 88, 113, 117]. Overall, precise and
detailed commit messages with specific vocabulary enhance the
automation and reliability of identifying bug fix related commits
across various contexts.

Security development practice related studies, reported that com-
mit messages often fail to provide sufficient security-related details,
limiting their utility for vulnerability assessment [68, 80]. Most
commit messages lack explicit references to security issues, relying
on implicit domain vocabulary instead [69]. Well-structured and
informative messages that explicitly describe security implications
can facilitate automated vulnerability detection and human under-
standing [43, 79]. Beyond security, other studies show that com-
mit messages capture developer sentiment, and rationale for code
changes, which can influence software quality and team collabora-
tion [54, 55]. Overall, improving the linguistic richness, structure,
and developers apparent sentiment (as detectable by sentiment
analysis) in commit messages can strengthen both technical and
human aspects of software development.
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4 Recommendations
Building on the results above, we present key recommendations
for stakeholders (such as developers, maintainers, and researchers)
to improve commit message quality and, eventually, corrective
software maintenance.

Developers are recommended to follow strict rules and lexicons
when writing commit messages, ensuring semantic alignment with
code changes [34, 45, 106]. In addition, their written messages
should preserve essential natural-language patterns and techni-
cal terminologies, as they serve as a bridge between code-level
changes and natural language understanding [44]. For bug fix iden-
tification purposes, developers are recommended to include explicit
rationale and contextual explanations in commit messages to make
maintenance more efficient [27]. Besides, keeping commit messages
concise with separate commit-info, commit-subject, and commit-
body can improve automated understanding and accuracy of patch
identification [115]. For better security patch identification, devel-
opers should avoid hiding the nature of security vulnerability in
commit message [73]. Besides, messages should clearly describe
the type of security issue addressed by including references (like
CVE or bug IDs) to facilitate easier linking of fixes [91, 99, 117].
For developers, these recommendations can help understand nec-
essary technical knowledge to write better commit messages and
supporting later corrective software maintenance.

Maintainers should be conscious that the quality of commit mes-
sages will directly impact later corrective maintenance tasks. When
starting a new project, they should provide explicit guidelines and
possible explanations (e.g., by providing good examples and bet-
ter documentation) to write commit messages, ensuring semantic
alignment with code changes. For instance, a univocal language can
be used to identify the type of operation committed by developers,
such as bug fix, refactoring, etc. [34, 45, 106]. Recent conventions
about how to write commits, like Conventional Commits [1], can
help in this respect. In addition, maintainers should be proactive
in reviewing commits made by newbies carefully and ensure that
code changes are accompanied by well-structured and detailed
messages [89]. For maintainers, such understandings help support
cost-effective maintenance and evolution of their software projects.

Researchers should standardize templates, official guidelines, and
best practices for writing commit messages, as these make it easier
for automated tools and human analysts to detect bugs [79]. They
should encourage developers to adopt best development practice
(such as security), through highlighting how informative commit
messages with structured and consistent formatting can facilitate
bug assessment [80]. For instance, a study by [69] suggested that
combining standard security keywords (e.g., “encryption,” “authen-
tication”) with project-specific vocabulary further improves pre-
cision in identifying security-relevant changes. In building auto-
mated classification, researchers are advised to be careful during
pre-processing of commit message in order to avoid overlooking
acronyms such as VRSN (version), RLS (release), etc [70]. To further
improve bug classification performance and reduce the false posi-
tive rate, researchers should focus on enriching commit messages
with supplementary information, such as test data, issue tracking
contents, etc [48]. Moreover, researchers should investigate possi-
ble ways to reduce manual verification effort, as previous studies

further suggest that even when automated classifiers identify se-
curity commits, manual expert verification remains essential for
ensuring precision [81]. Beyond these, other studies recommend
that researchers should also explore the sentiment and emotional
cues in commit messages to understand developer performance
and team collaboration dynamics [54].

5 Threats to validity
Like all secondary studies, threats to validity can be raised by the
research methodology applied by this systematic mapping study.
We have mitigated such threats by following the systematic review
protocol proposed by Wohlin et al. [18].

Threats to internal validity may be introduced by having inap-
propriate classification and interpretation of the studies. We have
limited this by conducting three iterations of paper reviews by
the two authors collaboratively. In addition, unclear data items are
revisited and resolved through discussions and further research
during the search.

Threats to construct validity may be introduced by inadequate
capture of relevant literature for the target study. Our initial search
string does not include specific terms related to corrective mainte-
nance (e.g., “defect”, “repair”, “bug”, etc.), but rather retrieves studies
broadly related to commit messages. This choice was due to the dif-
ficulty of being comprehensive with specific terms; short of which
the initial seed of papers might have been imbalanced, favoring
some concepts over others. In addition, we do not consider the
popularity of conference and journal venues as a selection criterion,
which may result in the inclusion of a few studies from less widely
recognized venues; on the other hand, this choice protects against
venue-related biases.

Threats to external validity may restrict the generalizability of
the revealed statistics and the justification of future research oppor-
tunities. Since our studywas focused on peer-reviewed publications,
some relevant industrial or unpublished work (e.g., gray literature)
may have been missed. Furthermore, despite leveraging multiple
digital libraries and following a rigorous protocol to craft search
queries, we might still have missed relevant studies. The inclusion
of a backward snowballing step mitigates this risk to some extent,
but complete coverage is never guaranteed in any systematic review
of the literature. This, together with evidence from best practices in
corrective software maintenance, has provided rich sources for us to
discuss the results and the future research opportunities identified.

6 Conclusion
In this paper, we conducted a systematic mapping study on the
usage of commit messages in corrective software maintenance ac-
companied by a meta-analysis to answer our research questions.
After a comprehensive search that follows a systematic series of
steps and assessing the quality of the studies, 97 papers were iden-
tified.

Based on the data extracted from these selected papers, we de-
rived a comprehensive synthesis on the state-of-the-art of the use
of commit messages for corrective software maintenance tasks. We
observed a consistent and growing interest in the usage of com-
mit messages to resolve issues of corrective maintenance over the
last two decades, with a marked increase in 2022-2023. Although
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bug analysis is the dominant goal, relatively few studies address
other themes such as automated program repair, security devel-
opment practices, etc. We have observed {commit messages, code
changes} to be the most dominant artifact co-usage pattern. In
terms of methodologies: repository mining, followed by NLP, and
AI/ML techniques are the most popular ones. Our analysis demon-
strates that commit messages play a significant role in corrective
maintenance activities since they carry crucial information help-
ful for stakeholders (i.e., developer, maintainer, and researcher) to
understand and improve the code base through the software evo-
lution process. However, commit messages often lack necessary
information and are not always sufficient to represent the intent of
code changes.

Among the gaps, we have observed in the literature, three stand
out: (1) the need to close the gap between stated goals of corrective
maintenance and stakeholders’ needs; (2) a thorough study to inves-
tigate the trade-offs between benefits and drawbacks of following
official guidelines in writing commit messages, to identify what an
ideal project VCS history—including commit messages—would look
like; (3) interviewing or surveying stakeholders to further allow for
triangulation of our findings to understand the impact of commit
message quality on corrective maintenance tasks.

Data availability
A complete reproducibility package for the work described in this
paper is publicly archived and available from Zenodo [6].
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