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Abstract. Software plays a critical role in modern society, making software test-
ing essential for ensuring quality. Poor testing practices, known as test smells,
reduce test code quality and maintainability. Although refactoring is a widely
used technique to address these issues, little is known about when developers
choose to refactor test smells and whether these actions actually improve test
code quality. This study introduces a machine learning approach to guide test
smell refactoring. First, we aim to mine refactorings performed by developers to
derive a catalog of test-specific refactorings. Findings show testing framework
evolution helps address test smells. Second, we aim to understand whether de-
velopers target low-quality test codes to perform refactorings and their effects
on code quality. Our findings reveal that developers tend to refactor structurally
low-quality test code more often. Third, we aim to learn whether developers
would perform refactorings and which refactorings they would apply to improve
the test code quality. Results show that Support Vector Machine models pre-
dicted refactoring decisions with 30—100% accuracy.

1. Introduction

Software testing is a fundamental activity for software quality assurance and
consists of developing helpful test cases to find bugs caused by code changes
[Garousi and Kiiciik 2018, Bell et al. 2018]. However, software companies often do not
prioritize software testing activities because they face difficulties selecting qualified per-
sonnel and allocating resources [Melo et al. 2020, Martins et al. 2021b]. Additionally,
the testing activities, when carried out manually, consume much time and effort. The ef-
fort to perform testing activities depends on the artifacts under test, e.g., large and complex
production classes require more effort to develop the test codes [Terragni et al. 2020].

The complexity of the software under test, the lack of expertise, and time pres-
sure can lead software developers to use bad practices to either design or implement the
test code, resulting in the so-called test smells [Deursen et al. 2001, Tufano et al. 2016,
Silva Junior et al. 2020]. The presence of test smells can negatively affect the test code
quality, harming the software testing and maintenance activities [Bavota et al. 2015,
Palomba et al. 2016, Spadini et al. 2020, Campos et al. 2021]. Test smells differ from
code smells defined by [Fowler 1999] for the production code. Specifically, the test
smells reflect problems in the test cases’ organization, implementation, and interac-
tion with one another [Deursen et al. 2001]. Therefore, test smells can require test



code refactoring operations that differ from the ones applied in the production code
[Deursen et al. 2001, Soares et al. 2020].

To fix test smells, developers should refactor the test code in a way that does
not change the test logic [Fowler 1999]. While most refactoring recommendation tools
target the production code, little attention has been devoted to detecting test smells and
refactoring the test code [Aljedaani et al. 2021]. Prior test smells detection and refactor-
ing strategies, based on rules and metrics, were simplistic and not derived from common
practices used by developers [Peruma et al. 2022]. In particular, those strategies mostly
rely on predefined thresholds or rules to detect test smells. However, deciding whether a
refactoring operation fixes a particular test smell requires developers’ expertise and intu-
ition [Spadini et al. 2020].

For example, the Assertion Roulette test smell occurs when a test case con-
tains multiple assertions without explanatory messages, making it difficult to identify
the cause of a test failure [Deursen et al. 2001]. Existing rule-based tools (e.g., tsDe-
tect [Peruma et al. 2020a]) detect Assertion Roulette by counting assertions that lack con-
textual explanations. To eliminate this test smell, previous research suggests two main ap-
proaches: (i) adding explanatory messages (e.g., comment blocks or assertion parameters)
and (ii) refactoring the test case into a suite of single-condition tests [Deursen et al. 2001].
However, existing tools [Aljedaani et al. 2021] only assist in detection and require manual
intervention for refactoring. Furthermore, they do not offer multiple refactoring alterna-
tives for a given test smell.

Therefore, it is important for developers to have proper guidelines for identifying
test smells and refactoring the test code. This aligns with this study proposal that aims
to analyze supervised Machine Learning (ML) algorithms to classify developers’ inten-
tions in applying test refactoring and the specific test refactoring operation. Currently,
our understanding is based on the work of [Aniche et al. 2022], which investigates the ef-
fectiveness of ML algorithms in predicting refactorings in production code. While these
algorithms have been effective in improving production code, their ability to enhance test
code remains uncertain. This is because test code serves a different purpose: it verifies
whether software works correctly but is not part of the final product itself. First, the char-
acteristics used to determine when and how to improve production code may not apply
to test code, leading to incorrect or ineffective modifications. Second, widely accepted
guidelines for improving code, such as Fowler’s catalog [Fowler 1999], do not cover test-
specific improvements, even though researchers like [Deursen et al. 2001] have identified
them. As a result, existing tools may fail to detect or suggest necessary refinements in test
code, leaving tests unclear, unreliable, or incomplete. This gap is critical in practice: if
poorly structured tests miss defects in software, real-world failures can occur — ranging
from minor glitches in applications to severe malfunctions in safety-critical systems such
as healthcare devices or financial platforms. Ensuring high-quality test code is essential
to prevent undetected errors from propagating into deployed software.

This research contributes to Computer Science by integrating Software Engineer-
ing and Machine Learning to improve test code maintenance through automated refac-
toring support. It introduces a catalog of test-specific refactorings to support developers’
decision making on whether and how to refactor test code. Additionally, it investigates
the relationship between test code quality and refactoring likelihood, demonstrating that



low-quality test code is more prone to refactoring. Finally, it applies ML models to predict
developers’ refactoring decisions to improve the overall quality of the test code. In sum-
mary, the contributions of this study might positively impact the developers’ effectiveness
on testing and maintenance activities (social aspect), the development of automated tools
to assist in test refactoring (fechnical aspect), the understanding of refactoring practices
and their effects on software quality (scientific aspect), and the efficiency of software de-
velopment, potentially reducing time and resource consumption (environmental aspect).

2. Research Statement and Research Questions

In this work, we investigated ML techniques to classify the developers’ intention to ap-
ply test refactoring and which test-specific refactoring operations they would apply. Our
investigation is built upon two objectives:

1. Mining common test smells and their refactorings in practice. Existing test
smells and test refactoring catalogs are primarily based on the researchers’ intu-
ition [Fowler 1999, Deursen et al. 2001, Meszaros 2007]. Our approach provides
a catalog of test smells and test refactoring operations to fix them based on actual
development practices. We explored the change history of software repositories to
extract the test refactoring operations performed on the test code. Analyzing test
refactoring operations helps reveal (a) the actual issues developers deemed as test
smells and (b) how such issues were fixed (i.e., refactored) in practice.

2. Identifying refactoring opportunities in test code and proper fixings for test
smells. We derived a dataset containing smelly and non-smelly refactored test
codes while we mined commonly used test code refactoring in practice. Then, we
used ML techniques to learn from the features extracted from the change history
of the test code stored in that dataset.

To address the outlined objectives, we formulated three main Research Questions (RQ):

RQ:. How do developers perform test code refactorings to fix test smells in open-
source projects?

In RQ1, our objective was to catalog test code refactorings commonly performed
by developers in practice to address test smells. To achieve this, we conducted a qualita-
tive study [Martins et al. 2024a] on a sample of open-source projects to manually classify
test code changes. Additionally, we investigated developers’ preferences regarding refac-
toring operations for fixing test smells by submitting pull requests to open-source projects.

’ RQ.. How do test refactoring operations affect test code quality?

In RQ,, our objective was twofold: i) to determine whether low-quality test
classes, as measured by structural metrics and the presence of test smells, are more likely
to have test refactorings; ii) to assess the impact of test code refactorings on test code
quality. We conducted an empirical study [Martins et al. 2025] involving the analysis of
refactorings carried out by developers, mined from open-source projects.

RQs. How accurately can we suggest test refactoring operations for fixing test smells
using ML techniques?




In RQ3, our objective was to explore the performance of machine learning (ML)
algorithms in classifying developers’ intentions regarding test refactoring. This investiga-
tion encompassed two classification tasks: 1) classifying code changes where developers
would apply refactorings; ii) classifying the specific test refactoring operations.

3. Approach Design

Our three-step approach design aimed at addressing our research problem. We selected
subject systems, identified variables, and conducted studies for each RQ. Figure 1 illus-
trates each step, described as follows.
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Figure 1. Overview of our approach.

(1) Selecting subject projects: This step consisted of selecting software projects from
GitHub. We chose diverse open-source JAVA projects with tests written using the JUNIT
testing framework. Ser #I comprises 13 open-source JAVA projects from the Apache
Foundation, and we used it to perform a manual analysis of test code. Setr #2 comprises
63 projects from GitHub. It was used for repository mining to gather data on test smells,
refactorings, and structural metrics using automated tools. Ser #3 comprises ten projects
from GitHub, with information on test smells, refactorings, structural and process metrics.
It was used to train and evaluate machine learning models.

(2) Deriving test refactorings: This step consisted of extracting test code changes from
Set #1 of projects (step a) and manually classifying them into test smells and test refactor-
ing operations (step b), resulting in Dataset #1. The outcome of this process is a catalog
describing the reengineering process required to perform test refactoring (step c¢). This
catalog proved instrumental in developing rules to enhance existing repository mining
tools for detecting test refactorings (refer to Section 4 — RQ,).

(3) Identifying refactoring operations for test smells: This step consisted in collect-
ing data using automated tools (step d). In more detail, we collected information on test
smells, test refactoring operations, and structural metrics from Set #2, generating Dataset
#2 (step e). In addition, it involved the collection of process metrics from Set #3 to gen-
erate Dataset #3 (step e). Finally, we analyzed the data from both datasets (step f). We
utilized Dataset #2 to analyze the impacts of test code refactorings on test code quality
(refer to Section 5 — RQy), and Dataset #3 to identify refactoring opportunities and spe-
cific operations developers would undertake in the test code (refer to Section 6 — RQ3). It
is worth noting that each dataset was used to investigate a specific research question and,
therefore, offers complementary insights for our analysis.



4. Mining Test Refactorings in Practice (RQ1)

Considering the gap between the research on test code refactoring and its adoption in
practice, we argue analyzing the refactorings performed by developers may provide in-
sights into the problems they commonly face and the current development practices they
use to refactor the test code.

This section presents a summary of our empirical study [Martins et al. 2024a] to
answer RQ;. The goal of our empirical study is to analyze the test refactoring operations
performed by developers in practice, with the purpose of creating a catalog of the test
smells developers deem as problematic and which test refactoring operations developers
apply to fix the test smells. The perspective is both researchers and practitioners who are
interested in the problems affecting the test code and how to solve them.

In order to perform such investigation, we analyzed the change history of 375
test files across 13 open-source JAVA projects with test cases written with either JUNIT4,
JUNITS, or both over three years to catalog the refactoring operations performed in the
test code to address test smells. We analyzed the changes applied to a version v,, of a
test class to classify the refactoring operations applied by developers and its previous
version v, to classify the test smell fixed through the refactoring operation. After clas-
sifying test code modifications, we presented the TSR-Catalog, a catalog for Test Smells
Refactorings [Martins et al. 2023d], outlining the reengineering process for conducting
test-specific refactorings and leveraging the identified patterns.

Although a recent literature review reports more than 180 test smells
[Garousi and Kiigiik 2018], we found only nine test smells occurring in the 13 open-
source projects. In particular, two test-specific refactorings are associated with the up-
grade of JUNIT version targeting two test smells (Handling Exception and Assertion
Roulette). Other nine version-agnostic refactorings were identified for seven test smells
(Inappropriate Assertion, Assertion Roulette, Bad Naming, Ignored Test, Empty Test, Un-
known Test, and Sleepy Test). While many of these test-specific refactorings are docu-
mented in the literature, this analysis unveils new test-specific refactorings aimed at deal-
ing with the Inappropriate Assertion test smell, e.g., developers misuse the assertEquals
to verify whether a method call returns true instead of using assertTrue. In addition, the
Handling Exception is the most prevalent test smell, with developers frequently replacing
try/catch blocks and outdated JUNIT annotations with assertThrows.

> Summary,. We identified and cataloged 9 test smells that could be fixed by 11 test-
specific refactorings. In addition, developers’ feedback showed appreciation for the
efforts to improve test quality.

To validate the proposed catalog, we sought feedback from software developers
who have contributed to the projects included in our dataset to allow gathering their per-
spectives on test smells and refactorings. We submitted 13 pull requests to refactor 143
test smells. As a result, developers’ feedback suggests a general appreciation for the ef-
forts to improve test quality. In addition, the developers often provided justifications not
only for why certain test smells existed but also for why certain refactorings were not
worth the change, which offered historical or functional insights that might take time to
be apparent from data analysis. Moreover, those discussions often led to further improve-



ments and refinements to the changes beyond our initial suggestions, which refactored
more instances of certain test smells in some projects.

In summary, analyzing test refactoring operations in RQ; helped reveal (a) the
actual issues deemed by developers as test smells and (b) how to fix such issues (i.e.,
refactor them) in practice. To sum up, this RQ presents the following contributions:

* A manually curated dataset [Martins et al. 2023c] of test-specific refactorings
based on 375 test files, showing how developers refactor test code in practice;

* A catalog, publicly available [Martins et al. 2023d], listing the test smells ob-
served in practice alongside their corresponding test-specific refactorings, derived
from both the literature and practice;

* A qualitative analysis of the acceptance of our dataset based on 13 pull requests
refactoring 143 test smells, reaching a 77% acceptance rate.

5. Test Refactorings Impact on Test Code Quality (RQ2)

Over the last decades, researchers identified both benefits and drawbacks of the applica-
tion refactorings with of automated recommenders, finding that, while refactoring is the-
oretically associated with modifications that do not affect the external behavior of source
code, it can induce defects [Bavota et al. 2015] or smells [Tufano et al. 2017]. While pre-
vious work investigated production code refactoring, there is a lack of investigation into
how refactoring is applied to test code. In addition, we do not know whether similar
effects can arise when performing test refactoring.

This section addresses this knowledge gap by summarizing our exploratory em-
pirical study [Martins et al. 2025] to answer RQ,. The goal of the empirical study is to
analyze the test refactoring operations performed by developers over the history of soft-
ware projects, with the purpose of understanding (1) whether low-quality test classes, in
terms of structural metrics and test smells, provide indications on which test classes are
more likely of being refactored, and (2) as a consequence, to what extent test refactoring
operations are effective in improving quality of test classes. In other terms, we are first
interested in assessing the quantity of test refactoring operations performed on classes
exhibiting test code quality issues and, in the second place, the guality of the test refac-
toring operations applied in terms of improvements provided to test code quality. The
perspective is researchers and practitioners interested in understanding the relationship
and effects of test refactoring operations on the quality of test classes.

In order to perform such investigation, we collected test refactoring data from
the change history of 63 open-source JAVA projects from GitHub. Next, we com-
bined them with data from automated instruments able to profile test code from
the perspective of quality metrics and information on test smells. In particular,
we extended state-of-the-art tools to extract 13 test refactoring using TESTREFAC-
TORINGMINER [Tsantalis et al. 2013, Martins et al. 2023b], six test smells using TS-
DETECT [Peruma et al. 2020a], and six quality metrics calculated with VITRUM
[Pecorelli et al. 2020b].

First, we are interested in assessing whether refactoring operations are more likely
to be observed on test classes exhibiting test code quality concerns. As such, our depen-
dent variables are refactoring operations (of different types) observed across releases,



and our independent variables are the (i) test code quality metrics and (ii) presence of
test smells (of different types). Second, we are interested in assessing the impact of test
refactoring on the test code quality. As such, we swapped independent and dependent
variables. Subsequently, we devised a Logistic Regression Model for each refactoring
operation considered in the study. For each statistical model, we (i) assessed whether
each independent variable significantly correlates with the dependent variable (signifi-
cance level of o = 5%), and (i1) quantified this correlation using the Odds Ratio between
independent and dependent variables [Nelder and Wedderburn 1972].

Our first analysis aimed to assess whether refactoring operations are more likely
to be observed on test classes exhibiting test code quality concerns. The results show that
the Assertion Density metric is related to most test refactorings. It indicates that the more
assertions in the test code, the more likely developers would refactor it. In addition, we
found some unexpected results when analyzing whether the presence of test smells drives
the test refactorings. The literature points out that the Add Assert Argument refactoring
is applied to solve the Assertion Roulette test smell but no significant correlation exists
between them, indicating that those refactorings can stem from variations in coding styles
or project-specific guidelines.

> Summary, ;. Low-quality test classes drive refactorings, in particular those related
to Assertion Density metrics. In addition, test smell-driven refactorings lack consistent
correlation, suggesting diverse motivations beyond test smell removal.

Our second analysis aimed at investigating the effects of test refactorings on qual-
ity metrics and test smells. The results show that most values remained the same before
and after applying test refactorings. However, we have some particular cases. The Ex-
tract Class refactoring improved the test classes concerning the Lines of Code, Number
of Methods, and Weight Method Class. Differently, after applying the Extract Method
refactoring, the Number of Methods and Weight Method Class metrics increased their val-
ues. These results were quite expected. As for the test-specific refactorings, the Assertion
Density metric presents a negative effect after applying the Parameterized Test, Replace
Test annot. w/ assertThrows and Replace Rule annot. w/ assertThrows.

> Summary, . Several structural metrics did not exhibit statistical significance dif-
ferences before and after applying the test refactorings. Yet, the test code quality had
a slight improvement in terms of complexity, coupling, and size when considering the
refactorings from Fowler’s catalog and some test-specific refactorings (i.e., the Replace
Rule w/ assertThrows, Replace Conditional by Parameterizedlest, and Replace @ Test
with assertThrows refactorings).

The key findings of RQ. reveal that test refactoring operations typically address
low-quality test cases identified by test smells and quality metrics, and it can improve the
overall quality of test cases. To sum up, this RQ presents the following contributions:

* An empirical understanding of the factors triggering test refactoring operations,
which comprises an analysis of how test code quality come into play;

* Evidence and analysis of the impact of test refactoring on test code quality from
the perspective of test smells and structural metrics;



* An online appendix [Martins et al. 2023e] in which we provide all material and
scripts employed to address the goals of the study.

6. Developer-Oriented Test Refactoring Recommendations (RQ3)

ML emerges as a promising solution to overcome the need for more tool adoption in
software development. ML algorithms can support identifying refactoring opportunities
and recommending proper refactorings that align closely with developers’ practices. For
instance, [Aniche et al. 2022] investigated the effectiveness of ML algorithms to predict
refactorings. While these algorithms performed well in predicting refactoring opportuni-
ties in production code, it’s their findings may not be directly applicable to test code.

This section presents our investigation of the performance of supervised ML algo-
rithms in classifying the developers’ intention to apply test refactoring, answering RQs.
Our goal was to investigate the effectiveness of supervised ML algorithms in classifying
the code changes where practitioners apply test refactoring actions, considering two levels
of granularity: 1) the classification of code changes where practitioners apply a refactor-
ing in test classes and ii) the classification of the specific test refactoring action applied
by practitioners in a certain code change. Both levels have the purpose of studying the
feasibility of an automated instrument for test code quality assurance, which practitioners
can use to identify test classes requiring maintenance effort and assess how to improve
them. The perspective is of researchers and practitioners: the former are interested in
understanding the performance and limitations of classification models to identify test
refactoring opportunities. At the same time, the latter assesses how feasible the proposed
automated solution of test code quality assurance would be in practice.

Our empirical investigation slued round two research objectives. As a first step,
we explored how accurately supervised ML algorithms classify the code changes where
developers would apply test refactoring. We evaluated the performance of six ML al-
gorithms (Decision Trees, Naive Bayes, Logistic Regression, Extra-Tree, Support Vector
Machine, and Random Forest) to classify specific test code changes in which practitioners
would do test refactoring using test smells, test metrics, and process variables, i.e., code
churn, as predictors. After analyzing the performance of ML models in classifying the de-
veloper’s intention to perform test refactoring, we verified the performance of classifying
a specific test code refactoring operation.

To conduct it, we built a dataset encompassing information on 50 different test
refactoring operations on ten open-source JAVA projects. In addition, the dataset com-
prises 21 test smells identified in test classes, 5 test metrics extracted from test classes,
and 13 process metrics extracted from both production and test classes. Then, we per-
formed a feature selection to identify the relevant metrics to use as predictors. We quan-
tified the predictive power of each metric in terms of information gain to measure how
much a model would benefit from the presence of a metric. At the end, we considered the
metrics having an information gain higher than zero as predictors, i.e., we discarded the
metrics that did not provide any beneficial effect.

After completing the feature selection, we identified the best ML algorithm for
classifying the developers’ intentions and test refactoring operations. The literature on
test refactoring classification is embryonic; therefore, we took this opportunity to bench-
mark learning algorithms with different characteristics. To assess the performance of our



models, we performed a walk-forward validation, applying it to individual projects. We
decided to apply that validation because we relied on temporal data, so it is crucial to
maintain the chronological order to avoid data leakage. In the k-fold cross-validation
(widely used), the data is randomly partitioned, which can break the temporal structure.

It is important to point out that test refactoring is an unbalanced problem. The
number of test cases refactored instances represents almost 2% of the total amount of test
cases on our dataset. As such, the problem was largely underrepresented, threatening the
ability of ML algorithms to learn the characteristics of test refactoring properly. For this
reason, we tried to improve the performance by experimenting with several under- and
over-sampling techniques to balance the data. As for under-sampling, we experimented
the advanced NearMiss 1, NearMiss 2, and NearMiss 3 algorithms. We also experimented
with the Random Undersampling approach, which randomly explores the distribution of
majority instances and under-samples them. In terms of over-sampling approaches, we
experimented with SMOTE. In addition, we also experimented with the RANDOM OVER-
SAMPLING approach, which randomly explores the distribution of the minority class and
over-samples them.

We ran and analyzed 540 different models to classify the code changes in test
classes. As a result, we found out that the SVM algorithm outperforms the others, with
performance varying between 30% to 100%. In particular, four test smells (Default Test,
Empty Test, Verbose Test, and Dependent Test), did not contribute to the models (the pre-
dictive power of these metrics was always zero). Then, for most of the test smells in anal-
ysis, i.e., Constructor Initialization, General Fixture, Ignored Test, Mystery Guest, Re-
dundant Assertion, Resource Optimism, and Sleepy Test, the values are condensed around
zero, so their contribution to the models is minimal. This result suggests that while some
smells can be good indicators to classify test code changes, they did not represent the best
dimension to use.

> Summarys ;. The best model to predict test code changes is Support Vector Ma-
chines with Random Undersampling as balancing technique. The F-Measure obtained
varies between 30% and 100%. The info gain analysis shows that test code and process
metrics have higher contributions to the model than test smells.

In addition, we analyzed how supervised ML models classify specific test refac-
toring operations. Before proceeding, it is important to highlight a consideration that
reduced the number of refactorings analyzed. First, we ran 540 models for each test
refactoring, for a total of 27,000 models. Once we had collected the results, we observed
that for 32 refactorings, not enough information was found to train our models due to the
low number of true instances. On the remaining 18 refactorings, for 11 we were able to
gather information from only one project, for 4 cases from two projects, and for the last
three refactorings, i.e., Modify Method Annotation, Remove Method Annotation, and Add
Method Annotation, we gathered information from four, six, and seven projects, respec-
tively. Concerning the info gain analysis, we observed a similar trend to that previously
reported in the classification of whether refactor the code, but with slightly lower values.
In addition, we found out that both under- and over-sampling techniques contribute to ML
models except for seven refactorings, i.e., Extract Attribute, Extract Variable, Pull Up At-
tribute, Pull Up Method, Inline Method, Modify Method Annotation, and Move Method.



> Summarys,. When we classify specific test refactoring operations, performance
decreases due to a lower amount of data. The F-measure obtained varies between
19% and 60%. The info gain analysis shows that test code and process metrics have
higher contributions to the model than test smells.

The key finding of RQ3 shows that using ML to classify test code changes is feasi-
ble. Still, the performance decreases when classifying specific test refactoring operations
due to the lower amount of data analyzed. The results also shows the need to explore the

socio-technical factors influencing the developer’s activities. To sum up, the contributions
of this RQ are:

* An ML approach to classify the developers’ intention to apply test refactoring and
the test-specific operations applied;

* A publicly available replication package [Martins et al. 2024b] with data, scripts,
and results of our experiment.

7. Related Works

This section compares this work with the most relevant related studies available at the
time of writing this paper.

7.1. Investigation of Test Smells Effects on Software Quality

Several studies have explored the relationship between test smells and software
quality, revealing their negative impact on code comprehension and maintainability.
[Bavota et al. 2012] and [Bavota et al. 2015] conducted empirical studies analyzing the
diffusion of test smells and their effects on software maintenance, concluding that test
smells reduce test code comprehension. [Peruma et al. 2019] found that test smells are
prevalent in Android apps and often appear early in development. Other studies, such
as [Pecorelli et al. 2020a] and [Martins et al. 2023a], examined correlations between test
smells and structural metrics, indicating that test classes often have low design quality.

In contrast, this study extends current knowledge by assessing how test refactoring
is applied and its impact on multiple aspects of test code. We do not limit ourselves to
analyzing test smells but also consider additional indicators of test code quality. In this
sense, our study presents a more comprehensive analysis of test refactoring (R()2).

7.2. Refactorings to Fix Test Smells

A primary line of research on test refactoring has focused on understanding the relation-
ship between refactoring and test smells. [Peruma et al. 2020b] and [Kim et al. 2021] an-
alyzed how refactoring changes affect test smells, finding that refactoring often coincides
with test smell removal but may not always be performed for that purpose. A second line
of research is represented by qualitative studies targeting the developer’s perception of
test refactoring. [Soares et al. 2022] investigated developers’ awareness and acceptance
of test refactorings, highlighting a lack of awareness of test refactoring techniques.

In contrast, we analyzed the actual refactorings developers performed in test code
over time, providing a more objective insight into how they tackle test smells. Under-
standing these developer practices not only enlightens us on the prevalent features regu-
larly employed in test code but also empowers us to propose test refactorings that better
align with developers’ perspectives and preferences (R()1).



7.3. Machine Learning Techniques to Handle Test Smells

Some studies have also investigated the feasibility of using ML techniques to handle test
smells. For example, [Martins et al. 2021a] used structural metrics to train ML models for
detecting test smells. Similarly, Hadj et al. [Hadj-Kacem and Bouassida 2021] proposed
a multi-label classification approach using deep representations of test code. In both
studies, Random Forest performed best.

While some studies have used ML techniques to detect test smells, we observe
a lack of studies that explicitly consider the classification of test code refactoring opera-
tions. The closest work is the one by [Aniche et al. 2022], in which the authors proposed
an approach to predict refactoring operations only in production code using process and
structural metrics as predictors. Our study addresses this gap by focusing on test code,
considering its peculiarities and the evolutionary nature of the test source code—a per-
spective not explicitly considered in the Aniche’s work (R()3).

8. Conclusions

This study investigated how developers refactor the test code to fix test smells in practice
and what factors drive developers to refactor the test code. In addition, we explored ML
techniques to classify whether developers would apply refactorings in the test code and
which test-specific refactoring operations they would apply. By considering the develop-
ers’ perspective, this research lays the foundation for more tailored refactoring techniques
that can enhance the effectiveness of test-specific refactoring recommendation tools.

Therefore, we have two main contributions of this work.

1. A Catalog with common test smells and test refactorings in practice, compiled
through a manual analysis of modified test cases, providing a systematic under-
standing of how developers address test smells.

2. Identification of Refactoring Opportunities and Proper Fixes for Test Smells,
achieved by developing ML models to classify refactoring decisions and predict
specific refactoring operations, advancing automated test refactoring recommen-
dations.

Beyond these contributions, this research on the detection of test smells and identi-
fication of proper refactorings to handle them has had a tangible impact on both academia
and software development practice. With 261 citations and an H-index of 9!, this work
has influenced ongoing research in software testing and refactoring, demonstrating its sig-
nificance in the field. Moreover, we proposed tools that support developers in maintaining
high-quality test code, improving software reliability and maintainability.

Future research can expand in several directions. First, the proposed catalog of
test smells and refactoring strategies would benefit from empirical validation with devel-
opers through surveys and interviews to gather feedback and real-world insights. Addi-
tionally, controlled experiments are encouraged to assess the impact of these refactorings
on quality attributes such as test reliability, maintainability, and execution time. Another
avenue involves generating synthetic data for model training, as the current datasets are
limited in the number of refactorings represented; i.e., creating realistic and diverse syn-
thetic data could improve model generalization and robustness. In addition, given that

"From Scholar https://scholar.google.com/citations?hl=en&user=pDe4dNsAAAAJ — March 21, 2025.



process metrics significantly contributed to the performance of the ML models, analyzing
socio-technical factors in developers’ test code refactoring activities could yield valuable
insights into adoption and effectiveness. Lastly, exploring supervised machine learning
algorithms for test refactoring recommendations — by refining models, experimenting with
different algorithms, and incorporating varied project contexts and additional features —
could enhance both the accuracy and applicability of automated suggestions.
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