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Abstract
Software quality research increasingly relies on large-scale
datasets that measure both the product and process aspects of
software systems. However, existing resources often focus on lim-
ited dimensions, such as code smells, technical debt, or refactor-
ing activity, thereby restricting comprehensive analyses across iso-
lated quality dimensions. To address this gap, we present the Soft-
ware Quality Dataset (SQuaD), a multi-dimensional, time-aware
collection of software quality metrics extracted from 450 mature
open-source projects across diverse ecosystems, including Apache,
Mozilla, FFmpeg, and the Linux kernel. By integrating nine state-
of-the-art static analysis tools, i.e., SonarQube, CodeScene, PMD,
Understand, CK, JaSoMe, RefactoringMiner, RefactoringMiner++,
and PyRef, our dataset unifies over 700 unique metrics at method,
class, file, and project levels. Covering a total of 63,586 analyzed
project releases, SQuaD also provides version control and issue-
tracking histories, software vulnerability data (CVE/CWE), and
process metrics proven to enhance Just-In-Time (JIT) defect pre-
diction. The SQuaD enables empirical research on maintainabil-
ity, technical debt, software evolution, and quality assessment
at unprecedented scale. We also outline emerging research di-
rections, including automated dataset updates and cross-project
quality modeling to support the continuous evolution of software
analytics. The dataset is publicly available on ZENODO (DOI:
10.5281/zenodo.17566690).

CCS Concepts
•Computer systems organization→Maintainability andmain-
tenance; • Security andprivacy→Vulnerabilitymanagement;
• Software and its engineering→ Software libraries and repos-
itories; Software maintenance tools; • Information systems
→ Data mining; • General and reference → Metrics; Empiri-
cal studies;
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1 Introduction
Software maintenance is a core facet of Software Quality (SQua)
as it helps teams to extend and correct their software system more
easily [14]. The Software Engineering (SE) community considers
multiple factors and mechanisms that affect and help to improve
the software quality of a system [14, 23]. These facets can range
from software vulnerabilities [10] to code quality issues [11], as
well as technical debt management [31] and code refactoring oper-
ations [28, 34], among others.

Empirical mining software repository research relies on the pub-
lic availability of open source software repositories hosted in plat-
forms such as GitHub, and on the correctness of the mining activ-
ity that is performed [19]. Based on this premise, researchers often
make significant efforts to select subsets of projects based on code
quality [10, 33], as well as on the self-implemented codes of conduct
in software foundations such as the Apache Software Foundation
(ASF) [1]. Similarly, a popular technique for ensuring the quality
of a software system during its development and maintenance is
the employment of Static Analysis Tools (SAT) [11]. Multiple stud-
ies have exploited the use of SATs to remediate common quality
issues [10, 22, 25, 35]. Most of the times, researchers concentrate
on a specific set of projects and SATs due to the resource-intensive
and time-consuming task of employing a larger number of SATs
on a large-scale set of projects.

Consequently, existing works already provide the research com-
munity with large-scale datasets to enable researchers to answer
potential research questions by leveraging the shared data. For in-
stance, Lenarduzzi et al. [21] contributed to the SE literature with
a large-scale dataset on Technical Debt (TD) metrics derived from
SATs like SonarQube, later expanded by Graf-Vlachy and Wagner
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[15]. In addition, further research efforts have been made to con-
tribute to the SE community with datasets on software quality as-
pects such as software vulnerabilities [6], code smells and quality
metrics [33], time series-based software evolution metrics [9], as
well as code refactoring activity [18], among others [17, 20].

However, to date, no existing works combine all these SQua
aspects into a single large-scale dataset. To such end, we lever-
aged nine state-of-the-art SATs to mine mature SE projects from
sources such as the ASF, the Mozilla 1, the FFMpeg 2 foundations
and the Linux kernel 3. We employed SonarQube (and it’s Sonar
Way configuration) andCodeScene to evaluate TD and security is-
sues [21, 36], offering insights into maintainability and code health.
Covering the aspect of code refactoring, we adopted Refactor-
ingMiner (RMiner) [37], RefactoringMiner++ (RMiner++) [27]
and PyRef [4] for Java, C++ and Python languages accordingly.
We assessed the coding rule compliance using PMD (default rule
set) [10, 11] and Understand [5] by SciTools. We mined product
and process metrics at different granularity levels with CK [3]
and JaSoMe [16]. We expanded the mined data with up-to-date
issue reports from GitHub, Jira and BugZilla issue trackers (ITS),
their reported Common Vulnerabilities and Exposures (CVE), and
Common Weakness Enumeration (CWE) types with their official
definitions as well as additional process metrics demonstrated to
improve JIT prediction accuracy [12, 13, 24]. Nonetheless, we de-
signed the dataset to be extensible with additional SATs in future
releases.

Thus, in this paper, we present the Software Quality dataset
(SQuaD), which provides the community with amulti-dimensional
time-aware collection of metrics for large-scale empirical research.
The main contributions of this paper are:

• The SQuaD. A large-scale set of 450 projects where, by
leveraging nine state-of-the-art SATs, we analyzed 725 met-
rics describing common SQua aspects from all the ver-
sions of their officially reported releases, covering metrics
at method, class, file and project level.

• Two data formats. CSV files and a noSQL database, thus en-
abling researchers to access our dataset efficiently.

• The replication package with the scripts to use the SATs that
produced this dataset.

Paper Structure. Section 2 describes the construction method
adopted for this dataset. Section 3 presents the dataset and its
usage. Section 4 highlights the future research opportunities the
dataset can provide. Section 5 acknowledges the limitations of the
dataset. Section 6 draws conclusions and future works.

2 Dataset construction
This section describes the data sources used to create the dataset,
and the methodology used to gather the data, which we graphi-
cally present in Figure 1. The construction of the dataset required
four main data mining stages: Mining version control data, Mining
SQua metrics from the selected SATs, extracting software vulnerabil-
ity enumerations, and collecting software process metrics.

1https://www.mozillafoundation.org/en/
2https://ffmpeg.org
3https://www.kernel.org/doc/html/latest/

2.1 Mining version control data
To collect the initial set of software repositories to include in
our dataset, we considered mining classically investigated projects
from sources such as the ASF, the Mozilla Foundation, and the
Linux kernel [21]. We applied an additional filtering process to in-
clude only active, mature projects [8, 19, 32]. For that, we excluded
archived projects or based on forks, as well as projects with no
available SBOM. Furthermore, we excluded projects with no ac-
tivity in the last six months, projects that had less than three
contributors, and those that had less than 50 stars on GitHub.

We leveraged GitHub’s API4 to mine their commit history as
well as the issue tracking history for those projects that used
GitHub as their ITS. We also mined the issue tracking history from
those ASF reporting to use Jira5 and BugZilla6 as their official ITS7.
With a total of 501 software repositories detected in the selected
sources of data, only 450 reported published releases or tags in
GitHub, which we set as the observational points to mine the SQua
metrics, and thus build the historical development progress from
the mined repositories.

2.2 Mining SQua metrics
This section describes the systematic methodology used to mine
software metrics from the adopted SATs. Since each tool captures
distinct aspects of software quality, Table 1 reports the number of
metrics extracted per SAT and their covered dimensions. We pro-
vide instructions on replicating our mining pipeline in the replica-
tion package [30].

Table 1: Overview of adopted SATs, mined metrics, and as-
pects analyzed by each SAT.

Tool #Metrics Aspect covered (Metrics reference)
CK 88 Calculates class-level and method-level

code metrics in Java projects. [3]
JaSoMe 70 Mines file, package, class & method quality

metrics in Java projects. [16]
RMiner 103 Detects refactorings applied in the history

of a Java project. [37]
RMiner++ 16 Detects refactorings applied in the history

of a C++ project. [27]
Understand 111 Mines file, class & entity quality metrics for

multiple languages. [26]
SQ 192 Calculates several quality metrics & verifies

the code’s compliance against a specific set
of “coding rules”. [21]

PMD 114 Runs coding rules against source files to find
violations. [11]

PyRef 9 Detects refactorings applied in the history
of a Python project. [4]

CodeScene 22 Computes per-file comprehensive code
health checks. [36]

Since each SAT required a different mining setting, we followed
a systematic mining approach for each SAT in parallel. 1) We
4https://docs.github.com/en/rest?apiVersion=2022-11-28
5https://developer.atlassian.com/cloud/jira/platform/rest/v3/intro/#about
6https://bugzilla.readthedocs.io/en/5.2/api/
7https://issues.apache.org
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Figure 1: Overview of the dataset construction methodology.

cloned the software repository, and subsequently, 2) we looped
through the project’s release commit hashes and checked out the
cloned repository to the release version accordingly. 3) For each
release iteration, we launched the SAT and mined the entire code-
base of the repository.

With all the repositories mined for a specific SAT, we merged
the outcome from all projects into a single CSV table. Since each
of the adopted SATs mined the repositories at different granular-
ity levels, we specify the granularity level, i.e., the analyzed ob-
ject type per row, within the shared replication package. In case
of overlapping metrics across SATs, and since each of them might
use different methods to compute the metrics, the SQuaD includes
them all.

In addition, and since SonarQube also reports coding issues
based on the codebase’s compliance against SonarQube’s ”coding
rules” [22], we leveraged SonarQube’s API to retrieve all the raised
issues for each of the release versions accordingly.8

2.3 Extracting software vulnerability
enumerations

From the mined issue tracking data, we searched for all the regu-
lar expressions matching the pattern for official Software Vulner-
ability Enumerations (CVE) and that of software weaknesses, i.e.,
CVE-\d{4}-\d{4,7} and CWE-\d{3,4}. We acknowledge that this
is the best effort, given that the correctness of reporting vulnera-
bility enumerations depends on the author of the issue ticket. Sub-
sequently, we collected all the publicly available information from
the official Common Weakness Enumeration (CWE) index9 and
the National Institute of Standards and Technology (NIST)10 for
each of the matched enumerations. For that, on the one hand, we
leveraged the available datasets with the official information for
the currently existing CWEs and fetched the information about the
matched CWEs. Similarly, we used the API access provided by the
NIST and retrieved the information regarding each of the matched
CVEs.

8https://docs.sonarsource.com/sonarqube-server/extension-guide/web-api
9https://cwe.mitre.org/index.html
10https://nvd.nist.gov/vuln

2.4 Collecting software process metrics
Recent research efforts have demonstrated that specific process
metrics are more helpful than the structure of the source code it-
self when training JIT defect prediction models [12, 13, 24]. Since
we already collected all the characteristics representing the struc-
ture of the code base throughout the entire release history of the
mined repositories, we are now interested in collecting software
process metrics at each release version of the projects. For that, we
used Python’s GitPython11 library to safely traverse through the
entire version control history of the cloned repositories. Thus, we
collected the process metrics highlighted in the literature at each
release version (see shared entity relationship diagram [30]).

3 The SoftwareQuality dataset
The SQuaD comprises measures for a total number of 725 SQua
metrics distributed across the employed 9 state-of-the-art SATs.
These results represent metric observations from a total of 63,586
analyzed project releases and tags, based on a total number of 450
software repositories. The dataset contains a total of 628,178 defect
tickets, 2,622,413 GitHub commits, and official information on 1479
CVE and 175 CWE enumerations detected within the mined issue
tickets. Furthermore, the dataset provides the computed value of
14 process metrics covering the entire version control history of
the mined projects. On average, the projects included are over 9
years old, with a mean number of 125,500 total lines of code, 2465
stars in GitHub, and over 104 contributors per project.

The dataset is stored in two different formats. We utilize a
noSQL database, specifically MongoDB.12 We facilitate access to
this format of the database through the Binary JSON (BSON) for-
mat 13, the standard sharing format in MongoDB, and compressed
via Z-standard [7]. Similarly, we provide the dataset in a series of
CSV files following the same entity relationship designed for the
database format. We include an entity diagram with the table hier-
archy in the shared replication package [30] to facilitate its use.

11https://gitpython.readthedocs.io/en/stable/
12https://www.mongodb.com
13https://www.mongodb.com/resources/languages/bson

https://docs.sonarsource.com/sonarqube-server/extension-guide/web-api
https://cwe.mitre.org/index.html
https://nvd.nist.gov/vuln
https://gitpython.readthedocs.io/en/stable/
https://www.mongodb.com
https://www.mongodb.com/resources/languages/bson


MSR ’26, April 13–14, 2026, Rio de Janeiro, Brazil Mikel Robredo, Matteo Esposito, Davide Taibi, Rafael Peñaloza, and Valentina Lenarduzzi*

• Table projects_data contains the links to the GitHub
repository.

• Table COMMITS reports the commit information retrieved
from GitHub, including the commit hash, the commit mes-
sage, the commit date and the alias of the commit author,
among other attributes.

• Table ISSUES contains the issue tickets from the mined
projects. Based on the column its, the table provides de-
tails about issues registered in GitHub, Jira and Bugzilla.

• Table release_data contains the identifier of the project
releases and tags retrieved from GitHub as well as their re-
lated commit hash.

• Table summary_statistics contains summary statistics re-
trieved from GitHub, e.g., number of stars, the number of
contributors, or the number of watchers.

• Table PRJ_ITS_VLN_LINKAGE contains the linkage between
project identifiers, issue trackers, and detected vulnerability
references.

• Table cwe_data contains the official information retrieved
from the CWE official index on the enumerations detected
in the issue tickets of the mined projects.

• Table cve_data contains the official information retrieved
from the NIST on the enumerations detected in the issue
tickets of the mined projects. Moreover, it also contains in-
formation on the enumerations related to the CWE weak-
nesses detected.

• Table process_metrics provides the computed values of
the collected process metrics for all the releases mined from
the projects included in the dataset.

• The TOOL tables consist a table per each SAT used during the
mining process. Each of the tables contains observations at
different granularity levels, in some cases uniform during
the entire table (e.g. refactoring observations for RMiner),
and in other cases at different granularity levels (e.g. file,
class and method level for JaSoMe), always specifying the
metric type through the metric column.

We made the dataset as well as the raw mined data accessi-
ble [29] in ZENODO. The compressed BSON database can be im-
ported into MongoDB and thus be explored through the MongoDB
shell or any other graphical interface supporting MongoDB. We
also provide the dataset in CSV format, thus facilitating one CSV
file per table listed above.

4 Impact and potential research directions
Software quality metrics stand as one of the most important
source of information that can describe the development process
of a project [21]. Consequently, this dataset stands as the largest
dataset release till the date, combining SQua metrics from some of
the state-of-the-art SATs employed for measuring SQua.

The SQuaD opens a wide availability of data for multiple poten-
tial use cases. Researchers can investigate time-dependent trends
and variables over different granularity levels [28], for instance,
in order to perform software evolution and change analysis. Sim-
ilarly, multiple studies could leverage our dataset to benchmark
different technical debt indicators such as code smells across dif-
ferent ecosystems (e.g. ASF, Linux Kernel).

Since the SQuaD integrates CVE/CWE and issue-tracking data,
researchers investigating defect prediction can use our dataset to
test further novel prediction models [10, 24], as well as forecasting
models that might require the data to be already chronologically
ordered. Building upon this, with the surge of models enabled by
the Transformer architecture [38, 39], prediction models require a
larger dimension of data for training. The SQuaD stands as a po-
tential candidate to provide this capability to SE researchers.

5 Limitations
The creation of the SQuaD involved using some of the some of the
most commonly used SATs. We are aware that these tools might
analyze the code incorrectly under some conditions, especially
when the programming language is structurally different. Hence,
we aimed at only adopting state-of-the-art SATs to reduce this lim-
itation. Similarly, the tools PyRef and RMiner++ reported null re-
sults when analyzing the same source code, hence the smaller size
of their mined results. We relate this limitation to their novelty of
their release, aiming to export the model of RefactoringMiner to
other programming language.

Another important, yet controversial limitation of the dataset is
its size. We aimed at mining some of the open-source repositories
closely related to industry projects, and therefore, the dimension
of themined output resulted in a dimension that will require practi-
tioners to have powerful machines to enable the use of the SQuaD.

6 Conclusion
In this work, we presented the SQuaD dataset. It stands as the
largest source code dataset analyzing software projects based on
different programming languages, and mined with SATs widely
used in industry and research.

We described the dataset construction process to mine the data.
We provided the SQuaD in CSV and BSON compressed formats to
facilitate the compact use of the data. The SQuaD includes mined
results of 725 SQua metrics from 9 different SATs, collected from
the project versions across 450 software projects. The creation of
the SQuaD required 7 months of mining process due to the license
limitations of some other tools, as well as due to the size of some
of the mined projects. The provided data allows researchers to per-
form large-scale studies without dealing with the data collection
process, but directly fetch the data they need from the SQuaD and
conduct the study.

Our plans involve expanding and updating the SQuaDby includ-
ing new repositories, releasing the database in MySQL format, and
expanding the tool selection.
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