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Abstract

Objectives. In contemporary software development practice, version control systems are often used to manage
the development process. Such systems allow developers to track changes in the codebase and convey the context
of these changes through commit messages. The use of such messages to provide relevant and high-quality
descriptions of the changes generally requires a high level of competence and time commitment from the developer.
However, modern machine learning methods can enable the automation of this task. Therefore, the work sets out
to provide a statistical and comparative analysis of the collected data sample with sets of changes in the program
code and their descriptions in natural language.

Methods. In this study, a comprehensive approach was used, including data collection from popular GitHub
repositories, preliminary data processing and filtering, as well as statistical analysis and natural language processing
method (text vectorization). Cosine similarity was used as a means of assessing the semantic proximity between the
first sentence and the full text of commit messages.

Results. Acomprehensive study of the structure and quality of commit messages encompassed data collection from
GitHub repositories and preliminary data cleansing. The research involved text vectorization of commit messages and
evaluation of semantic similarity between the first sentences and full texts of messages using cosine similarity. The
comparative analysis of message quality in the collected dataset and several analogous datasets used classification
based on the CodeBERT model.

Conclusions. The analysis revealed a low level of cosine similarity (0.0969) between the first sentences and full
texts of commit messages, indicating a weak semantic relationship between them and refuting the hypothesis that
first sentences serve as summaries of message content. The low proportion of empty messages in the collected
dataset at 0.0007% was significantly lower than expected, indicating high-quality data collection. The results
of classification analysis showed that the proportion of messages categorized as “poor” in the collected dataset was
16.82%, substantially lower than comparable figures in other datasets, where this percentage ranged from 34.75%
to 54.26%. This fact underscores the high quality of the collected dataset and its suitability for further application
in automatic commit message generation systems.

Keywords: commit message generation, version control systems, description of changes in software code, cosine
similarity, data filtering, text vectorization, dataset, machine learning
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Pesiome

Llenu. ina ynpasneHns NpoLeccomM pa3paboTkn COBPEMEHHOro NporpaMMHOro obecneyeHns Hepeako NprUMeHs-
I0TCS CUCTEMBI KOHTPOJIS BEPCUI, KOTOPbIE MO3BOMSIOT GUKCMPOBATb UBMEHEHMS B MPOrpaMMHOM KOAE 1 nepeja-
BaTb KOHTEKCT 3TUX U3MEHEHN MPu NOMOLLIY COOBLLEHWIA KOMMUTOB. PenieBaHTHOE 1 KaueCTBEeHHOe OnvcaHne BHe-
CEeHHbIX U3MEHEeHWI NpX NOMOLLM Takmnx coobLLeHWI TpebyeT OT pa3paboTymka BbICOKOM KOMMNETEHLNN 1 BPEMEHN,
HO COBpPEeMeHHbIe MeToAbl MalUMHHOro 00y4YeHns NO3BONAIOT pellaTb 3Ty 3a4ady aBToMaTniecku. Lienbio paboThl
SIBNSIETCS CTAaTUCTUYECKNIA M CPABHUTENbHbIN aHann3 cobpaHHON BbIBOPKM AaHHbLIX C HAbopamMu N3MEHEHWI B MPO-
rPaMMHOM KOAE W UX ONMMCaHNSMN HA ECTECTBEHHOM SA3bIKE.

MeTopabl. B nccnenoBaHnm MCNonb30BaH KOMIMEKCHbI NMoaxon, BkoHalowmii cOop AaHHbIX C MOMysipHbIX pe-
nosutopues Ha GitHub, npeaBaputensHyio 06paboTky 1 GULTPALMIO AAHHBIX, @ TaKXKe CTaTUCTUYECKUIA aHanu3
1 MmeTon, 06paboTky eCTECTBEHHOIO si3blka (BEKTOPM3aLLMs TEKCTA). NS OLLEHKM CEMaHTMYECKON 6IM30CTU MeXay
nepBbIM NPeaIoXeHNEM U MOJIHbIM TEKCTOM COOOLLEHNIT KOMMUTOB OblfI0 MCMOJIb30BAHO KOCMHYCHOE CXOACTBO.
PesynbTathl. [IpoBeaeHoO nccnenoBaHMe CTPYKTYPbI U KayecTBa COOOLLEHNIT KOMMUTOB, BK/TlOYatoLLLee cOop AaH-
HbIX 13 peno3uTtopues GitHub 1 nx npeaBapuTensHyto o4ncTky. OcyLecTBeHa BEKTOPU3aumns TeKCTa COOOLLEHNIA
KOMMUTOB M OLEHKA CEMaHTUYeCKOo BIM30CTN MexXay NepBbIMM NPEaIOKEHNSIMIN U MOSTHbIMY TeKCTamMu coobLLe-
HWIA C UCMOJIb30BAHNEM KOCMHYCHOIO CXOACTBA. BbINOMHEH CpaBHUTENbHbIN aHanu3 kayectsa CooOLEeHMIn B CO-
OpaHHOM JaTaceTe M B HECKOJIbKMX aHaNIorMyHbIX Habopax AaHHbIX C MOMOLLBIO KlaccudurKaumm npy nomMoLy Mo-
nenv CodeBERT.

BbiBoAbl. [1pOBEOEHHBIN aHANN3 BbISBUI HU3KMUIA YPOBEHb KOCMHYCHOIMO CXOACTBA MEXAY NepBbIMU MPeaioXeHN-
SAMU U NMOJIHBIMU TeKCTaMmn coobuieHnin kommuToB (0.0969), 4To cBMaeTeNbCTBYET O cabol ceMaHTUYEeCKOW CBS-
31 MexXAay HMMKW 1 onpoBepraeT rmnoTedy 0 TOM, YTO NepBble NPeasoXeHUs BbICTynaloT B kayecTBe 00006LLeHNs
copepXxaHus coobueHui. MpoueHTHas Oons NycTbiXx coobLeHni B cobpaHHOM Habope AaHHbIX CocTaBuia Nullb
0.0007%, 4TO CYyLLECTBEHHO HMXE 0XMOAEMOro 3Ha4YeHMs U yKa3blBaeT Ha BbICOKOE Ka4ecTBO COOPaHHbIX AaHHbIX.
KnaccundurkaumoHHbIi aHanmM3 nokasas, YTo A0St COOOLLEHUN, OTHECEHHbIX K KaTeropun «MaoXmx», B COOpaHHOM
natacete coctaBnsieT 16.82%, 4TO 3HAYNTENIbHO HUXE aHaNOrMYHbIX Noka3aTeniein B ApYyrnx conocTaBMMbIX Habo-
pax OaHHbIX, rae 3TOT NPOUEHT BapbupyeTcs oT 34.75% 00 54.26%. JaHHbin hakT nogyepkmBaeT BbICOKOE Kaye-
CTBO cobpaHHOro Habopa AaHHbIX U ero afekBaTHOCTb AJ1s AafibHellero NpMMeHeHns B cucTeMax aBToMatmye-
CKOIi reHepaunmn coobLLEHN KOMMUTOB.

Kniouesble cnoga: reHepauunsa coobLLeHuin KOMMMUTOB, CUCTEMbI KOHTPOA Bepcvu7|, onMcaHne U3MEHEHNN B npo-
rpaMmmMHOM Koae, KOCMHYCHO€Ee CXoaCTBO, CDI/IJ'IpraLI,I/Iﬂ AaHHbIX, BEKTOPU3auund TekcTta, gartaceT, MallnHHoe 06yqu|/|e
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npOSpa'-IHOCTI: cbvmaucoaoﬁ AeaTesibHOCTU: ABTOpr He NMetoT d)IAHaHCOBOP’I 3anHTEepPeCOBaHHOCTW B nNpeacTaBieH-

HbIX MaTepunanax nnm MmetTogax.

ABTOPbI 3a9BNSIOT 06 OTCYTCTBUM KOHGMIMKTA MHTEPECOB.

Glossary

Dataset—collection (set) of data that is usually processed and analyzed as a whole. In the context of machine
learning, datasets usually contain examples used to train a model.

Commit (in the context of version control systems)—record of a specific set of changes to code. Each commit is
usually accompanied by a message that describes the changes made.

INTRODUCTION

Version control systems, which play a key role
in modern software development, allow developers
to track and manage changes to code as a means of
ensuring effective collaboration and improving product
quality. One of the main elements of version control
systems are commits, i.e., records of every significant
change made to the code base. The important role
played by commit messages consists in the context
they provide for each change, helping other developers
to understand what was done and why. For example,
commit messages can be used to detect vulnerabilities
in a software product.!

However, writing effective commit messages
represents a difficult task requiring time and effort. As
well as describing changes in program code, a good
message should explain the reason for the change [1];
moreover, according to many recommendations, it
should not exceed 30 words (lexemes, tokens).

Although several approaches have been proposed
for the automatic generation of commit messages [2],
studies show that about 50% of messages generated by
automatic generation tools turn out to be irrelevant or
incorrect [3].

The present work focuses on the collection and
analysis of training data for an automatic commit
message algorithm. Representing one of the most
important factors affecting the quality and efficiency of
machine learning models [4], a training dataset comprises
a collection of examples that are used to train and test
the model, as well as to evaluate its generalization
ability. The quality of a training dataset depends on its
size, diversity, representativeness, purity, and relevance

U Wan L. Automated vulnerability detection system based
on commit messages: Master’s Thesis. Singapore: Nanyang
Technological University, 2019. 123 p.

to the machine learning task. A poor quality dataset can
lead to a number of problems during model training,
including overtraining [5], undertraining, high bias,
and variance. This, in turn, can reduce the accuracy
and completeness of the model predictions. Hence, the
generation and optimization of the training dataset are
critical steps in the machine learning process, requiring
detailed analysis, training and data cleaning to ensure
the quality and efficiency of the model.

1. THEORETICAL BACKGROUND
AND REVIEW OF EXISTING DATASETS

1.1. Importance of dataset
in machine learning tasks

In 2001, researchers from Microsoft noted [6] that,
despite the availability of extensive text corpora on the
Internet, natural language processing experts continued
to use relatively small datasets (up to 1 million words) to
train models, which were mainly focused on optimizing
algorithms. Their work emphasizes that different
algorithms, including simple ones, demonstrate similar
high performance in the task of eliminating language
ambiguity given sufficient data. In the experiments, four
algorithms were trained on data with a one-word context
window, gradually increasing the sample sizes. The
results of the study are shown in Fig. 1.

In the experiments, the authors studied:

e a memory-based algorithm that stores and uses
previous information for decision making;

e a winnow algorithm that applies techniques to
discard unnecessary data or noise to improve model
quality;

e a perceptron, representing the simplest model of
a neural network used for binary classification;

e a naive Bayesian classifier based on the application
of Bayes’ theorem with the assumption of feature
independence.

Russian Technological Journal. 2025;13(2):7-17
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Fig. 1. Experimental results for increasing the size
of the training corpus of text [6]

The results of the experiments show that the
accuracy of the considered machine learning
algorithms increases significantly as the data set
increases. Notably, while the algorithms demonstrate
varying accuracy on small amounts of data (less than
1 million words), as the amount of data increases, the
differences between them become less significant. The
authors noted that their results suggest that the trade-off
between spending resources on algorithm development
and on the aggregate development of the text corpus
(dataset for model training) should be reconsidered.

The idea that data is more important than
algorithms for complex tasks was popularized by
Peter Norvig and other researchers from Google [7].
Conversely, expert judgment for data partitioning is
often difficult and slow due to inconsistency in the
estimates. The authors of the article conclude that
useful semantic relations can be obtained by statistical
methods relying on large volumes of unlabeled data
used for text processing.

In the task of automatic generation of commit
messages, the training sample plays a key role, since the
quality and volume of data directly affect the model’s
ability to interpret and describe changes in the code.
A large and diverse dataset containing examples of
commits from different projects and written by different
developers can improve a model’s ability to generalize
and adapt to new data.

Thus, when solving the problem of automatic
commit message generation, it is necessary to pay
due attention to the collection and preparation of the
training data set, which will increase the efficiency and
accuracy of the model, as well as its practical value for
developers.

1.2. Overview of the existing datasets

Let us proceed to review existing datasets with
commit messages [8]:

e CommitGen is one of the first commit datasets [9]
collected from thousands of the most popular Java
projects. Commits that do not carry meaningful load
for message generation (e.g., rollback and merge) are
excluded from the dataset. We also applied the Verb-
Direct Object (V-DO) filter based on morphological
analysis, which showed that messages often start
with a verb followed by a direct complement [10].
As a result, the dataset contains 537000 labeled diff
files.

e NNGen [3] improves the CommitGen by removing
“noisy” data (16% of the original set).

e CoDiSum [11] is based on CommitGen, restricted
to .java files and cleaned of special characters.

e PtrGen [12] includes 32663 <code:message> pairs
from 2081 highly-valued Java projects, with special
characters replaced by tokens.

e MultiLang [13] is a multi-language set of three
popular repositories for Python, Java, JavaScript,
and C++.

e ATOM [14] contains 197968 records after filtering
noisy messages and commits without code changes
from 56 most popular Java projects.

e CommitChronicle [15] is the largest commit dataset
(as of July 2024), containing 10.7 mln commits for
20 different programming languages.

A key problem with many datasets is the focus on
Java, which limits the applicability of a potential tool
for automatically generating commit messages. To solve
this problem, a dataset should be assembled that enables
the generation tool to work with as many programming
languages as possible and contain information about the
relationships between code changes and the messages to
them.

Each dataset has its own characteristics and
limitations, while the selection of an appropriate dataset
depends on the specific objectives and requirements of
the study.

In the study [9], the authors note that approximately
14% of commit messages are empty. If true, such
a fact serves as one of the justifications for the need
of a commit message generation tool. Verifying this
information is thus one of the research questions of the
present work.

B1: What share of commit messages in the sample
is empty?

Hypothesis B1: approximately 14% of the commit
messages in the dataset under study are empty messages.

The result of hypothesis testing is presented in
Paragraph 3.2.
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2. METHODOLOGICAL BASIS
2.1. Dataset collection planning

In order to overcome the limitations on the number
of programming languages in the datasets, it is necessary
to define a list of relevant languages before the data
collection process. The generated dataset should contain
changes in program code written in languages from the
selected set. Thus, a model trained on such a dataset will
be able to generalize syntactic and semantic features of
the selected languages and synthesize descriptions of
changes in natural language on this basis. The relevance
of program languages can be assessed on the basis of
statistical studies.?

Since the choice of data sources directly affects
the quality of the final dataset, the selection of donor
repositories was done manually. Sources were selected
based on the popularity of the repository as assessed by
approval ratings from users on the GitHub? platform.
However, a significant portion of popular repositories
consisted of tutorials, which were excluded from the list
of sources. The final list of repositories can be found in
the online appendix to this article.*

Based on the specifics of the task, it was decided
to extract the following features from each donor
repository (Table 1):

Table 1. Attribute description

Attribute Description
hash Commit hash. It is generated by the version
control system and serves as a change identifier
The identifier of the author of the message.
May be required to form a more generalized
author

sample, where the style of a particular
author will not be predominant

commiter_date | Date and time of the commit

timezone Author’s timezone
parents List of parent commits
Commit message. Description of changes
message .
in natural language
Programming language. The main language
language g 1g languag guag
of the repository
changes List of changes made in the commit

2 Most used programming languages among developers
worldwide as of 2023. Statista. https://www.statista.com/
statistics/793628/worldwide-developer-survey-most-used-
languages/. Accessed October 10, 2023.

3 https:/github.com/. Accessed October 10, 2023.

4 Online appendix to the article. https:/gist.github.com/
Malomalsky/a243e43c00adb56fd11¢19242a239275.  Accessed
February 06, 2025.

Two attributes—changes and message (natural
language description)—are directly fed to the input
of the commit message generation model. The other
attributes, which are of a service nature, will be applied
at the stage of filtering the collected data.

2.2. Methods and procedure
for cleaning the dataset

In order for a dataset to be suitable for use in machine
learning algorithms, it must be prepared. Preparation
means filtering the data, cleaning it, and developing
new features if required. The quality of the dataset—and
consequently of the models that are trained on it—will
depend on the above step.

The very first datasets of commit messages
contained a large number of messages generated by
“bots”—utilities that capture changes in the code
repository and add trivial natural language descriptions
to them [9]. Such messages could describe the changes
made (answering the question “what was changed?”),
but fail to provide enough context for making these
changes (in other words, did not answer the question
“why were the changes made?”) [1]. Consequently,
the number of such messages should be minimized in
a high-quality dataset.

Formally speaking, one of the necessary
procedures for cleaning the collected data should
be the classification of messages into “natural” and
“generated” and filtering of the latter. This task can be
solved using the pattern matching method [16]—the
author’s name of an automatically generated message
contains the token “[bot]”. Thus, in most cases,
a record with such a template in the author attribute
can be classified as generated and deleted within the
filtering process.

In addition to generated messages, trivial messages
must also be filtered. According to the taxonomy of
commit messages [ 1], these include messages generated
by the git version control system itself (messages about
merging branches in the repository) and duplicate
messages—messages describing the content of changes
that can be easily deduced from differences in the code
(Update readme.md, Add <file name>). To classify and
filter such messages, we can use regular expressions [17]
by composing templates of trivial messages using the
regular expression syntax.

One popular filter for datasets for the task of
automatically generating commit messages is the
V-DO filter, which emerged from the observation
that about half of the commit messages correspond
to the structure ‘verb followed by an object’ [10]. We
can formally describe the V-DO filter in the form of
a function:
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object),

1, 3i: (w;,verb and w. ,,
Sm ={ o " (1)

0, in any other case.

where m is the commit message, w; is the ith word in
the message m, and f(m) is the result of the filtering.
If fim) = 1, the commit message passes through the
filter, otherwise it does not.

Suppose we have a commit message Minor changes
to the database schema. The V-DO filter will not pass this
message because it does not start with a verb followed by
a direct object. However, the commit message Modified
database schema will be skipped by the V-DO filter
because it matches the following pattern.

One important filter is the limit on the number of
tokens (length) in a commit message [8]. An informative
and relevant message should be neither too short nor too
long. Most of the researchers [10-12] filtered the dataset
by a maximum length of 30 tokens, although more recent
work [15] focused on the range of 5 to 600 tokens in
a message. In most cases, five tokens are insufficient to
describe the changes made in a relevant way; conversely,
leaving excessively long messages (more than 600 tokens)
in the set may increase the disk space occupied by the set
and the computational complexity to process it.

Some studies suggest leaving only the first sentence
from a commit message [13] on the basis that the first
sentence is often a generalization of the whole message.
Such a filter would reduce the amount of disk space
occupied by the dataset, but also potentially lead to the loss
of important semantic information. Testing this hypothesis
is another of the research questions of the work.

B2: do the first sentences in commit messages
summarize the whole message?

Hypothesis B2: the first sentences in commit
messages are a summary of the whole message.

The methods for verifying this hypothesis are
outlined in paragraph 1.3; the result of the test is
presented in paragraph 2.3.

2.3. Methods for checking semantic proximity
of two text sequences

In the field of natural language processing, the cosine
similarity measure [18, 19] is used to test the semantic
proximity of two text sequences. Formally, cosine similarity
reflects the cosine of the angle between vectors of the pre-
Hilbert space and can be expressed as the formula:

ab _ 24
Iy ’
Il el fxr e [y

where a; and b; are the corresponding elements of the
vectors a and b.

similarity =

2

The range of the measure is from 0 to 1; if the measure
is 0, then the vectors of the two sequences are orthogonal
and far apart semantically. If the measure is 1, then the
two text sequences have close semantic meaning.

It is also worth mentioning the methods of mapping
symbolic sequences into vector (pre-Hilbert) space. In
order to compute a measure on the collected data and
test hypothesis B2, commit messages and their first
sentences must be transformed into numerical vectors
of the same dimensionality. Such a text vectorization
process involves the conversion of text into numerical
vectors that not only can be used by machine algorithms,
but also reflect the semantics of the text due to the
principle of distributive semantics.

One method of such vectorization is vectorization by
hashing [20]. This tool applies a hash function to words
and converts them into numeric indices in vector space,
while preserving semantic relations between words.

3. RESULTS
3.1. Data collection process

The data was collected during the period from
15/10/2023 to 25/11/2023. The data source was the online
GitHub service. The raw dataset contains 3141212 records
and occupies 73 Gb of disk space. The distribution of
records by programming languages is presented in Table 2.

Table 2. Distribution of the records by programming
language

Language Number of records in the collected dataset
C 932003
Ruby 253331
TypeScript 251127
C++ 251125
Rust 211660
Python 209374
Java 141024
Go 140211
JavaScript 121610
C# 107960
Scala 86929
Dart 86532
Kotlin 81183
Lua 61622
PHP 61399
Groovy 50647
Shell 45687
R 22190
Swift 14396
Objective-C 11200

Russian Technological Journal. 2025;13(2):7-17

12



Dataset collection for automatic generation
of commit messages

Ivan A. Kosyanenko,
Roman G. Bolbakov

It is worth noting that the number of records for
the different programming languages was not evenly
distributed. If required, it would be appropriate to sample
evenly from this set.

3.2. Analyzing and cleaning the collected data

The number of records comprised of empty messages
in the collected dataset is 22, which is approximately
0.0007% of the total number of all records. The records
with empty messages were removed from the dataset. In
this connection, it is important to clarify that the data was
collected from the most popular repositories, which are
often owned by technology companies. Thus, this figure
may not reflect the actual statistics on empty messages.

Hypothesis B1, that “approximately 14% of the
commit messages in the dataset under study are empty
messages,” was not confirmed.

In the collected dataset, 2952077 messages do not
match the V-DO filter, i.e., approximately 94%. Since
its application would have resulted in a significant
reduction in the size of the dataset, and along with it the
useful dependencies between code changes and natural
language, the decision was taken not to apply this filter.

In the unfiltered collected dataset, the maximum
commit message length is 68529. This is a clear statistical
outlier that can negatively affect the algorithm [21].

After removing empty messages, the following
statistics were calculated for the number of tokens in
commit messages (Table 3):

Table 3. Statistical indicators on the number of tokens
in commit messages

Statistical indicators Value
Number of records (count) 3141186
Mean value (mean) 52.19
Standard deviation (std) 129.61
Minimum (min) 1
25th percentile 10
Median (50th percentile) 42
75th percentile 174
Maximum (max) 68529

The standard deviation (approximately 129.61) is
quite large, indicating a significant diversity in message
length. The maximum value (68529) is much larger
than the 75th percentile (174), indicating that there are
outliers with a very large number of tokens.

In order to reduce the impact of outliers, it was
decided to keep in the set only those records with the
number of tokens in the range from 5 to 600 (inclusive).
This filter reduced the number of records in the set

to 2761945 or by 12.07%. Figure 2 presents a one-
dimensional box plot showing the distribution of the
number of tokens in commit messages in the collected
dataset.

0 100 200 300 400 500 600
Number of tokens

Fig. 2. Distribution of the number of tokens
in the commit messages

While the bulk of the data is between 5 and
100 tokens, significant outliers are also visible, indicating
a large number of messages with higher token counts.

Regular expressions were applied to filter trivial and
generated messages. Keywords from CI-CD utilities
were used as templates, e.g., bump version to. In addition,
non-ASCII characters [9] and records with [bot] token in
the author sign were removed. As a result of applying
this filter, 185540 messages generated by automatic
utilities were identified. After applying the filter, the
number of records in the set amounted to 2576405.

3.3. Evaluating the semantic proximity of the first
sentence and the whole commit message

After filtering, the hypothesis [13] that the first
sentence in a commit message is a generalization of the
whole message was tested.

In order to conduct experiments to test this
hypothesis, a new feature (a column in the dataset)
was created, then the first sentences and whole
messages were mapped into numerical vectors using
the HashingVectorizer utility from the scikit-learn
library with a dimensionality of 1048576. Thus, the
first sentences and whole messages were converted
into vectors consisting of 1048576 numbers each. The
program code for implementing the experiment is
available in the online supplement to the article.’

The mean value of cosine similarity across all
commit messages was 0.0969. This value reflects the
degree of semantic proximity between the first sentence
and the full text of commit messages. The relatively

5 Online appendix to the article. https://gist.github.com/
Malomalsky/a243e43c00adb56fd11¢19242a239275.  Accessed
February 06, 2025.
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low mean cosine similarity value may indicate that the
first sentence often contains unique information that is
not fully repeated in the rest of the message. For the
purposes of this study, it was decided not to reduce the
commit messages in the dataset to the first sentence.

Hypothesis B2, that “the first sentences in commit
messages are a summary of the whole message,” was
not confirmed.

It is important to note that the cosine similarity
procedure only measures the angle between vectors, not
their length. This means that cosine similarity does not
take into account the amount of information contained
in commit messages. More sophisticated methods may
be required to analyze the structure of commit messages
in more depth.

3.4. Characteristics of the final dataset
and its comparison with analogues

The cleaned dataset is available in the online
appendix to the paper. The number of records in the
dataset as a result of filtering was 2576405. The dataset
contains change pairs for 20 programming languages
thus extending the scope of a potential commit
message generation model to be trained on the dataset.
Automatically generated messages, along with trivial
and empty messages, were removed from the dataset
during the filtering phase.

In order to validate the quality of the dataset,
a comparative analysis was performed on the collected
dataset and the datasets mentioned earlier. A classification
methodology using a pre-trained commit-message-
quality-codebert® neural network was used to perform
a comparative analysis of the quality of the commit
messages in the proposed dataset. This model, based on
the CodeBERT architecture [22], was pre-trained [23]
for the task of classifying commit-message quality based
on the previously mentioned message taxonomy [1].

Table 4. Results of comparative dataset analysis

According to this taxonomy, a message is “bad” that
does not answer the questions ‘Why were the changes
made?’ and ‘What changed?’, i.e., does not convey the
context of the changes made.

The methodological procedure for the analysis
included data preprocessing, which involved normalizing
the text (lower case) and removing uninformative
characters. Commit messages from the collected dataset
and from other datasets available for comparison were
then passed through a neural network for automatic
classification based on the assigned “good” and “bad”
labels. The classification results for each of the datasets
are presented in Table 4.

From an analysis of the comparison results, the
proportion of “bad” messages in the collected dataset
was 16.82%, which is significantly lower than the other
datasets.

CONCLUSIONS

The study collected an extensive multi-lingual
dataset containing changes in program code, their natural
language descriptions, and additional meta-information
important in the context of filtering and cleaning the
dataset. The dataset cleaned of generated and trivialized
messages is hosted on the HuggingFace data hosting
service.’

As part of the study, two hypotheses were proposed
based on earlier work on the research topic. Hypothesis B1
was that approximately 14% of the commit messages in
the studied dataset are likely to empty. However, when
analyzing the collected data, it was found that only
0.0007% of the commit messages in the study sample are
empty, which is much less than the expected value. Thus,
hypothesis B1 was not confirmed during the study.

Hypothesis B2 was that the first sentences in the
commit messages are a generalization of the whole
message. To test this hypothesis, we vectorized the text

Dataset name Total records Classified as “good” Classified as “bad” Share of “bad” records, %
Collected dataset 2576405 2143000 433405 16.82
NNGen 27144 12415 14729 54.26
CoDiSum 90661 56305 34356 37.90
PtrGen 32663 16826 15837 48.49
MultiLang 126928 82819 44109 34.75

6 Neural network classifier of messages to the commits.
https://huggingface.co/saridormi/commit-message-quality-
codebert. Accessed February 06, 2025.

7 Collected dataset. https://huggingface.co/datasets/
Malolmalsky/commit dataset. Accessed February 06, 2025.
https://doi.org/10.57967/hf/2216
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and calculated the cosine similarity between the first
sentence and the full text of the commit messages. In the
study sample, the cosine similarity measure was 0.0969,
indicating low semantic similarity between the first
sentence and the full message text. Hence, hypothesis B2
was also not confirmed during the study.

The obtained results, which refute both hypotheses,
indicate that empty commit messages are extremely
rare, and that the first sentence of a commit message is
an insufficient summary of the whole message. These
findings can serve as a basis for further study of the
structure and content of commit messages, as well as for
the development of systems for automatic generation of
commit messages.

The idea of conducting further research on
vectorizing diff files (a representation of changes
generated by a version control system) seems
reasonable. If diff is a set of additions and deletions, then
addition and subtraction operations should be defined
for vectorized diff, where addition can be interpreted

as adding program code and subtraction as removing
fragments from it. Such a potential algorithm would
solve the problem of reducing programming languages
to a common formal notation under the assumption that
identical program code changes made to files written
in different programming languages would have close
cosine distance. This question will be considered in
further study.

It is also worth noting the feasibility of identifying
generated messages using neural networks. While this
approach will be much more computationally complex,
it should provide greater accuracy in classifying commit
messages.
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