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ABSTRACT
Software plays a critical role in modern society, making software

testing essential for ensuring quality. Poor testing practices, known

as test smells, reduce test code quality and maintainability. Al-

though refactoring is a widely used technique to address these is-

sues, 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. Sec-

ond, we aim to understand whether developers 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 predicted refactoring decisions

with 30–100% accuracy. This paper is a summary of the full
paper version [8] of the doctoral thesis [7].
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1 Introduction
Software testing is a fundamental activity for software quality assur-

ance and consists of developing helpful test cases to find bugs caused

by code changes [6]. However, given the complexity of the software

under test, the lack of expertise, and time pressure can lead software

developers to use bad practices to either design or implement the

test code, also known as test smells [4, 13, 15]. The presence of

test smells can negatively affect the test code quality, harming the

software testing and maintenance activities [2, 3, 11, 14].

To fix test smells, developers should refactor the test code in a

way that does not change the test logic [5]. While most refactoring

recommendation tools target the production code, little attention

has been devoted to detecting test smells and refactoring the test

code [1]. Prior test smells detection and refactoring strategies, based

on rules and metrics, were simplistic and not derived from common

practices used by developers [12]. In particular, those strategies

mostly rely on predefined thresholds or rules to detect test smells.

However, deciding whether a refactoring operation fixes a partic-

ular test smell requires developers’ expertise and intuition [14].

Furthermore, existing tools [1] only assist in detection and require

manual intervention for refactoring, and they do not offer multiple

refactoring alternatives for a given test smell.

Therefore, it is important for developers to have proper guide-

lines for identifying test smells and refactoring the test code. This

aligns with this study proposal that aims to analyze supervised Ma-

chine Learning (ML) algorithms to classify developers’ intentions

in applying test refactoring and the specific test refactoring opera-

tion. This research contributes to Computer Science by integrating

Software Engineering and Machine Learning to improve test code

maintenance through automated refactoring 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 summary, 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 (technical aspect), the understanding of

refactoring practices and their effects on software quality (scientific
aspect), and the efficiency of software development, potentially

reducing time and resource consumption (environmental aspect).

2 Research Statement and Research Questions
In this work, we investigated ML techniques to classify the devel-

opers’ intention to apply test refactoring and which test-specific

refactoring operations they would apply. In particular, we investi-

gated three main Research Questions (RQ):

RQ1. 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 com-

monly performed by developers in practice to address test smells.

To achieve this, we conducted a qualitative study [9] on a sam-

ple of open-source projects to manually classify test code changes.

Additionally, we investigated developers’ preferences regarding

refactoring operations for fixing test smells by submitting pull

requests to open-source projects.

RQ2. How do test refactoring operations affect test code quality?

In RQ2, 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 [10] involving the analysis of

refactorings carried out by developers.
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Figure 1: Overview of our approach.

RQ3. 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 ML

algorithms in classifying developers’ intentions regarding test refac-

toring. This investigation encompassed two classification tasks: i)

classifying code changes where developers would apply refactor-

ings; ii) classifying the specific test refactorings.

3 Approach Design
Figure 1 illustrates our three-step approach, described as follows.

(1) Selecting subject projects: This step consisted of selecting

software projects from GitHub. The Set #1 comprises 13 projects

from the Apache Foundation, and we used it to perform a manual

analysis of test code. The Set #2 comprises 63 projects, and we used

it for repository mining to gather data on test smells, refactorings,

and structural metrics using automated tools. The Set #3 comprises

ten projects with information on test smells, refactorings, structural

and process metrics. We used it to train and evaluate ML models.

(2) Deriving test refactorings: This step consisted of extracting

code changes from Set #1 (step a) andmanually classifying them into

test smells and test refactorings (step b), resulting in Dataset #1. The
outcome of this process is a catalog to perform test refactoring (step

c). This catalog proved instrumental in developing rules to enhance

existing tools for detecting test refactorings (refer to Section 4).

(3) Identifying refactoring operations for test smells: This step
consisted in collecting data using tools (step d), generating Dataset
#2 and Dataset #3 (step e). Finally, we analyzed the data from both

datasets (step f). We used Dataset #2 to analyze the impacts of test

code refactorings on test quality (refer to Section 5), and Dataset
#3 to identify refactoring opportunities and specific operations

developers would perform in the code (refer to Section 6).

4 Mining Test Refactorings in Practice (RQ1)
This section presents a summary of our empirical study [9] to

answerRQ1. The goal of our empirical study was 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.

We manually found nine test smells being refactored in the 13

open-source projects. In particular, two test-specific refactorings

are associated with the upgrade 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, Unknown Test, and Sleepy Test). While many of

these test-specific refactorings are documented in the literature, this

analysis unveils new refactorings aimed at dealing with the Inap-
propriate Assertion, e.g., developers misuse the assertEquals to verify
whether a method call returns true instead of using assertTrue.

To validate the proposed catalog, we submitted 13 pull requests

to refactor 143 test smells. As a result, developers’ feedback suggests

a general appreciation for the efforts 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.

5 Test Refactorings Impact on Quality (RQ2)
This section addresses this knowledge gap by summarizing our

exploratory empirical study [10] to answer RQ2. The goal of the
empirical study was to analyze the test refactoring operations per-

formed by developers over the history of software projects, with

the purpose of understanding (1) whether low-quality test classes

provide indications on which test classes are more likely of being

refactored, and (2) as a consequence, to what extent test refactorings

are effective in improving quality of test classes.

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 asser-

tions 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.
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Our second analysis aimed at investigating the effects of test

refactorings on quality 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 Extract
Class refactoring improved the test classes concerning the Lines of
Code,Number ofMethods, andWeightMethod Class. Differently, after
applying the Extract Method refactoring, the Number of Methods
and Weight Method Class metrics increased their values. 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.

6 Developer-Oriented Test Refactoring
Recommendations (RQ3)

This section presents our investigation of the performance of su-

pervised ML algorithms in classifying the developers’ intention to

apply test refactoring, answering RQ3. 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: i) the classification of code

changes where practitioners apply a refactoring 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 qual-

ity assurance, which practitioners can use to identify test classes

requiring maintenance effort and assess how to improve them.

First, we explored how accurately supervised ML algorithms clas-

sify the code changeswhere developers would apply test refactoring.

We evaluated the performance of six ML algorithms (Decision Trees,
Naive Bayes, Logistic Regression, Extra-Tree, Support Vector Machine,
and Random Forest) to classify test code changes in which prac-

titioners would do test refactoring using test smells, test metrics,

and process variables, i.e., code churn, as predictors. We ran and

analyzed 540 models to classify the code changes in test classes. As

a result, we found out that the Support Vector Machine algorithm

outperforms the others; the performance varies from 30% to 100%.

After analyzing the performance of ML models in classifying the

developer’s intention to perform test refactoring, we verified the

performance of classifying a specific test code refactoring opera-

tion. 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, respectively. When we classify specific test refac-

toring operations, performance decreases due to a lower amount of

data. The F-measure obtained varies between 19% and 60%.

7 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 developers’ perspective, this research lays the foun-

dation for more tailored refactoring techniques that can enhance

the effectiveness of test-specific refactoring recommendation tools.
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