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RESUMO

Maus cheiros de teste (fest smells) sdo indicios de mds praticas ou decisdes inadequadas tomadas
durante o desenvolvimento de c6digo de teste, que podem comprometer sua manutenibilidade e
capacidade de evolugdo. Esse tema tem ganhado crescente relevancia nos dltimos anos, com
diversos trabalhos propondo solu¢des para detectar test smells. No entanto, a maior parte dessas
solucdes € projetada para funcionar com um nimero extremamente limitado de linguagens
de programacao, frequentemente apenas uma. Isso significa que aplicar técnicas de deteccdo
de frest smells em uma nova linguagem geralmente exige desenvolver uma solucao do zero,
mesmo para problemas ja abordados em outras linguagens. Nesse contexto, o objetivo deste
trabalho € propor uma abordagem independente de linguagem para detectar test smells. Para
compreender como esse topico tem sido tratado na literatura, conduzimos um mapeamento
sistemdtico (MS) que analisou 117 estudos publicados até agosto de 2025. A partir dessa andlise,
identificamos, entre outros aspectos, os fest smells mais recorrentes em multiplas linguagens de
programacao, bem como aqueles considerados mais criticos, ou seja, os que demandam maior
atencdo da comunidade. Com base nesses achados, propusemos nossa abordagem, avaliamos
sua eficdcia nas linguagens C#, Java, JavaScript, TypeScript e Python em 10 diferentes test
smells e a comparamos com abordagens especificas de linguagem ja existentes. Os resultados
foram promissores: nossa solucao apresentou desempenho superior em termos de efetividade,
alcancando precisdo de 97%, recall de 96% e FI-score de 97%. Para facilitar a aplicagdo
pratica, desenvolvemos e disponibilizamos uma ferramenta de deteccao de test smells baseada
em nossa abordagem independente de linguagem. Os resultados deste trabalho t€m o potencial
de simplificar a inclusdo de novas linguagens no contexto da deteccdo de maus cheiros de
teste, permitindo o reaproveitamento de esforcos anteriores em diferentes ecossistemas. Isso
beneficia tanto profissionais da industria que desejam utilizar ferramentas de apoio a qualidade
de testes quanto pesquisadores interessados em investigar test smells em novas linguagens de

programacao.

Palavras-chave: maus cheiros de teste; abordagem independente de linguagem; deteccao de

maus cheiros de teste



ABSTRACT

Test smells are indicators of poor practices or suboptimal decisions made during test-code
development, which can undermine its maintainability and evolution. This topic has gained
increasing relevance in recent years, and numerous studies have proposed techniques to detect
test smells. However, most existing solutions support only a very limited set of programming
languages, often just one. As a result, applying test smell detection to a new language typically
requires developing an entirely new solution, even when similar problems have already been
addressed elsewhere. In this context, the objective of this work is to propose a language-
independent approach for detecting test smells. To understand how this topic has been explored
in the literature, we conducted a Systematic Mapping Study (SMS) analyzing 117 studies
published up to August 2025. From this review, we identified, among other aspects, the most
frequently discussed test smells across multiple programming languages and those considered
most critical, that is, the ones that require the greatest attention from the community. Based
on these findings, we developed our approach and evaluated its effectiveness in C#, Java,
JavaScript, TypeScript, and Python across 10 different test smells, comparing it with existing
language-specific techniques. The results were promissing: our solution demonstrated superior
effectiveness, achieving 97% precision, 96% recall, and a 97% F1-score. To support practical
adoption, we also implemented and released a test smell detection tool built upon our language-
independent methodology. The outcomes of this work have the potential to greatly simplify
the incorporation of new programming languages into test smell detection workflows, enabling
the reuse of prior efforts across diverse ecosystems. This benefits both industry practitioners
seeking high-quality testing tools and researchers interested in studying test smells in additional

languages.

Keywords: test smell; language-independent approach; test smell detection
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1 INTRODUCTION

In this chapter, we present the context that motivates this Master’s dissertation, along
with its goals, research questions, and proposed methodology. This chapter is organized as
follows: Section 1.1 presents the context that motivates our work. Section 1.2 describes the goal
of this research and outlines the research questions designed to achieve it. Section 1.3 details the
methodology adopted to answer the proposed research questions. In Section 1.4, we provide the
replication packages for each study conducted as part of this dissertation. Finally, Section 1.5

presents the structure of the remaining chapters of this dissertation.

1.1 Context

Ensuring the quality of a software product is essential, as it directly impacts cus-
tomer satisfaction, profitability, and even developer efficiency (Barney; Wohlin, 2009). This is
especially evident in modern agile development, where practices such as continuous delivery
accelerate the transition from feature conception to customer deployment (Tran et al., 2021).

One of the primary mechanisms for ensuring software quality is testing, which
helps identify errors and verify the alignment between the expected and actual behavior of the
software (Liutenko et al., 2019). Tests can be conducted manually (by a human) or automated
through scripts (Garousi; Kiiciik, 2018). A significant advantage of automated testing is its
repeatability and reduced effort compared to manual testing (Garousi; Kiiciik, 2018).

However, like production code, test code is also susceptible to quality issues. One
such issue is the presence of test smells (Garousi; Kiigiik, 2018), which are poor design or
implementation choices made during the creation of test cases (Aljedaani et al., 2021). These
suboptimal practices may arise due to system complexity or limited developer expertise (Santana
et al., 2024).

Developers spend approximately one-quarter of their time writing test code (Beller
et al., 2015). Therefore, issues affecting test code, such as test smells, can be particularly
harmful, as they may result in undesirable costs and increased development effort (Garousi;
Kiiciik, 2018). A common consequence of test code affected by test smells is reduced readability
and maintainability (Panichella et al., 2022), which can hinder its evolution and long-term
usefulness (Tran et al., 2021).

Deursen et al. (2001) first introduced the concept of test smells by presenting a
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catalog containing 11 test smells and 6 corresponding refactorings. Since then, numerous studies
have proposed additional test smells, refactoring strategies, and tools to detect and resolve
them (Aljedaani et al., 2021). Although the majority of existing research has focused on the Java
programming language (Aljedaani et al., 2021), many test smells described in the literature are
language-agnostic (Paul et al., 2024), that is, they are not tied to language-specific constructs
and can appear across a wide range of programming languages.

One example of a language-agnostic test smell is Assertion Roulette, which arises
when a test case contains multiple undocumented assertions. This makes it difficult to understand
the specific reason for a test failure (Paul et al., 2024). The definition of this smell does not rely
on any language-specific elements, meaning it can potentially occur in various programming
environments. Other examples of language-agnostic test smells include Conditional Test Logic,
Duplicate Assert, Empty Test, among others (Paul et al., 2024).

Despite syntactic differences across programming languages, it is possible to detect
many test smells using the same high-level detection rules. For example, to identify the Duplicate
Assert smell, one must search for assertions within a test case that use the same parameters (Pe-
ruma et al., 2020). While the syntax for writing assertions may vary between languages, the
underlying detection logic remains consistent. This principle applies to several other test smells
as well.

Aljedaani et al. (2021) conducted a Systematic Literature Review (SLR) to identify
existing tools for detecting test smells. The study identified a total of 22 tools, with the majority
(19 tools) specifically designed for Java. Furthermore, most of these tools support only a single
programming language, with just one tool supporting two. Since that study, new tools have
emerged to address test smells in other languages, such as xNose for C# (Paul et al., 2024) and
PyNose for Python (Wang et al., 2021), among others. However, although many of these tools
support similar sets of test smells, each one implements language-specific detection mechanisms.
This means that, in recent years, adding support for a new programming language typically
required building a new tool from scratch, an effort-intensive and time-consuming process. These
limitations underscore the need for more general, language-agnostic solutions that facilitate the
extension of test smell detection capabilities to additional programming languages with reduced

development overhead.
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1.2 Goal and Research Questions

In this context, the main objective of this Master’s dissertation is to propose a
language-independent approach for the detection of test smells. The specific goals of this work
are: (i) to propose a language-independent approach for detecting test smells (Aromal.IA) and
(i1) to compare the proposed detection approach with existing language-specific techniques.

To develop this approach, we built upon successful results from prior work on test
smell detection, as well as research addressing language-agnostic solutions in related areas such
as code smells and static code analysis. From this point on, we refer to our language-independent
approach for detecting test smells as AromalLIA.

To guide our work and support the achievement of our goals, we formulated the
following research questions and sub-questions:

RQ; How are test smells characterized and addressed in the literature across different
programming languages and frameworks?

RQ;.; Which programming languages and frameworks are most frequently addressed in
discussions of test smells, and what are the most prevalent test smells associated with
each?

RQ;, What are the universal test smells across all programming languages and frameworks,
and which test smells are specific to particular languages?

RQ; ;3 What refactorings are commonly recommended for addressing test smells in each
programming language and framework?

RQ; 4 What datasets of test smells are available for each programming language and frame-
work?

RQ; s Which test smells are most critical across different programming languages and
frameworks?

RQ; s What test smell detection or refactoring tools have been proposed for each program-
ming language and framework?

RQ; How does AromalLIA compare to existing language-specific approaches for detecting
the test smells?

RQ,.; How effective is Aromal.IA in detecting test smells compared to existing language-
specific test smell detection tools?

RQ;, ., Which programming languages are most challenging for AromaLIA in detecting test

smells?
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RQ;.3 Which test smells are most challenging for AromalLIA to detect, both overall and

within specific programming languages?

1.3 Research Methodology

To answer the research questions outlined in the previous section, we followed the
methodology illustrated in Figure 1. The methodology is structured into five main stages, as

described below:

Figure 1 — Overview of research methodology

{ v Systematic Mapping Study

JL 2

v Study 1 - AromaLlA: A Language-Independent
Approach to Detect Test Smells

!

v Study 2 - AromaDr: A Language-Independent
Tool for Detecting Test Smells

3

Source: prepared by the author.

1. SMS: To address RQ1, we conducted a SMS titled “Exploring Test Smells Across Pro-
gramming Languages: A Systematic Mapping Study”. This study aimed to understand
how test smells are handled in the literature from a programming language perspective.
Specifically, we investigated: (i) the programming languages and testing frameworks most
commonly addressed in the context of test smells; (ii) the most prevalent test smells in
each language; (iii) which test smells are language-specific versus language-agnostic; (iv)
which test smells are considered most critical; and (v) the refactorings, datasets, and tools
used for test smells across different languages. This review provided critical insights and
foundational guidance for the subsequent phases of this work.

2. Study 1 - AromalLIA: A Language-Independent Approach to Detect Test Smells:
To answer RQ2, this study proposed AromaLIA, a language-independent approach for

detecting test smells. We evaluated Aromal.IA by comparing it with existing language-
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specific detection methods across ten test smells in five different programming languages.
The results demonstrate that AromalIA has a strong detection capability compared to the
other approaches.

3. Study 2 - AromaDr: A Language-Independent Tool for Detecting Test Smells: This
study aimed to provide a more user-friendly implementation of our approach by developing
a dedicated tool, AromaDr, to support test smell detection. The tool supports a total of
10 test smells across five programming languages (C#, JavaScript, TypeScript, Java, and
Python). To the best of our knowledge, this makes AromaDr the test smell detection tool

with the broadest language support currently available.

1.4 Study Replicability

In scientific research, ensuring the reproducibility of studies is essential. To support
open science practices Mendez et al. (2020), we have made the replication packages for each
study conducted in this Master’s dissertation publicly available on platforms such as Zenodo
and GitHub. Each replication package includes, among other resources: scripts, datasets, data

analysis artifacts, and the tools produced throughout the research.

Table 1 — Replication packages

Replication Package Links

Exploring Test Smells Across Programming Languages: https://zenodo.org/records/17093675
A Systematic Mapping Study

AromaLIA: A Language-Independent Approach to Detect  https://github.com/publiosilva/

Test Smells aroma-lia-evaluation-rp

AromaDr: A Language-Independent Tool for Detecting  https://github.com/publiosilva/aromadr
Test Smells

Source: prepared by the author.

1.5 Organization

In this chapter, we introduced the context of this Master’s dissertation, along with its
objectives, research questions, and methodology. The remainder of this work is organized as fol-
lows: Chapter 2 presents the key concepts required to understand this research. Chapter 3 reviews
the relevant literature. Chapter 4 details Step 1 of our methodology, which involves conducting
a SMS on test smells across multiple programming languages. In Chapter 5, corresponding to

Step 2, we propose our approach and evaluate it by comparing it with existing language-specific


https://zenodo.org/records/17093675
https://github.com/publiosilva/aroma-lia-evaluation-rp
https://github.com/publiosilva/aroma-lia-evaluation-rp
https://github.com/publiosilva/aromadr
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techniques. Chapter 6 introduces AromaDr, the tool that implements our language-independent
test smell detection approach. Finally, Chapter 7 presents our concluding remarks and outlines

directions for future research.
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2 BACKGROUND

In this section, we introduce key concepts essential for understanding the rest of this
work. Section 2.1 outlines the fundamental ideas related to test smells and provides illustrative
examples to demonstrate how they manifest across different programming languages. Section 2.2

presents the main techniques employed for detecting test smells.

2.1 Test Smells

This section introduces the concept of test smells, presenting definitions, examples
across different programming languages, detection techniques, recommended refactorings, and

tools designed to detect and refactor them.

2.1.1 Concept

Code smells and test smells are related concepts that denote suboptimal practices
that may compromise software maintainability (Rio er al., 2024; Oliveira et al., 2024). While
code smells typically refer to poor practices in production code, test smells highlight issues in
test code (Aljedaani et al., 2021). Although neither type of smell necessarily causes functional
failures, both signal potential quality problems that can hinder the maintainability and evolution
of a software product (Panichella et al., 2022).

The concept of test smells was first formalized by Deursen et al. (2001), who intro-
duced a catalog of 11 test smells along with recommended refactorings. Since then, the catalog
has expanded significantly, incorporating both general smells (applicable across multiple pro-
gramming languages) and language-specific smells (Aljedaani et al., 2021). Furthermore, various
tools have also been developed to detect these smells in different programming environments,
although the majority of studies focus on Java (Aljedaani et al., 2021).

Test smells are a significant concern for software maintainability, particularly in fast-
paced development environments. As research continues to evolve, identifying commonalities
across languages and frameworks becomes increasingly valuable for developing more efficient

and reusable detection and refactoring solutions.
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2.1.2 Definitions of Test Smells

The catalog of test smells described in the literature is extensive. In this work,
we focus on a subset of ten well-known test smells. Their definitions, along with illustrative
examples in different programming languages, are presented below.

Assertion Roulette: This smell occurs when a test case contains multiple assertions
without accompanying explanation messages Deursen et al. (2001). The main issue is that,
when the test fails, it becomes difficult to identify which assertion caused the failure (Peruma et
al., 2020). As shown in Listings 1 (Java) and 2 (Python), the smell manifests similarly across

languages despite syntactic differences.

I Q@Test

2 public void testCloneNonBareRepoFromLocalTestServer () throws Exception {

3 Clone cloneOp = new Clone(

4 false,

5 integrationGitServerURIFor ("small-repo.early.git"),
6 helper () .newFolder ()

7 )

8 Repository repo = executeAndWaitFor (cloneOp) ;

9 assertThat (

10 repo,

11 hasGitObject ("balf63e4430bff267d112ble8afc1d6294db0Occc")

12 )

13 File readmeFile = new File(repo.getWorkTree(), "README");
14 assertThat (readmeFile, exists());

15 assertThat (readmeFile.length (), equalTo (12L));

16

Listing 1 — Assertion Roulette Java + JUnit example (Peruma et al., 2020)

Conditional Test Logic: This smell arises when a test case includes control flow
statements such as conditionals (e.g., if, switch) or loops (e.g., for, while) Deursen et al.
(2001). Although the syntax varies by language, the detection strategy remains the same:
identifying control structures within test methods. Examples in Java and Python are provided in
Listings 3 and 4.

Duplicate Assert: This smell occurs when the same assertion, with identical param-
eters, is repeated multiple times within a single test case (Peruma et al., 2020). Listings 5, 6,
and 7 show this smell in C#, Java, and Python, respectively. The consistency of its manifestation

suggests that cross-language detection techniques can be effectively reused.
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in [obj.hexsha for obj

I def test_clone_non_bare_repo_from_local_test_server():

2 repo_uri = integration_git_server_uri_for(”small—repo.early.git")

3 temp_folder = new_folder ()

4 repo = clone_repo(repo_uri, temp_folder)

5

6 assert "balf63e4430bff267d112ble8afc1d6294db0Occc"
in repo.git.rev_list ("HEAD")]

7

8 readme_file = temp_folder / "README"

9 assert readme_file.exists ()

10 assert readme_file.stat().st_size == 12

Listing 2 — Assertion Roulette Python + PyTest example

I @Test

2 void testIsAdult () {

3 List<Integer> ages = List.of (17, 18, 21, 15);

4 for (int age ages) {

5 boolean expected = age >= 18;

6 assertEquals (expected, PersonUtil.isAdult (age)
7 }

8 1}

)

Listing 3 — Condititonal Test Logic Java + JUnit example

1 def test_is_adult():

2 ages = [17, 18, 21, 15]

3 for age in ages:

4 expected = age >= 18

5 assert is_adult(age) == expected

Listing 4 — Condititonal Test Logic Python + PyTest example

1 [Fact]

)

public void TestNoChangeWhenAddingZero ()

3 4

4 int sum = 1;

5 Assert.Equal (1, sum);
6 sum += 0;

7 Assert.Equal (1, sum);
8 }

Listing 5 —Duplicate Assert example in C#




25

I @Test

(S}

public void testNoChangeWhenAddingZero () {

3 int sum = 1;

4 assertEquals (1, sum);
5 sum += 0;

6 assertEquals (1, sum);
7}

Listing 6 — Duplicate Assert example in Java

I def test_no_change_when_adding_zero():

2 sum = 1

3 assert sum == 1
4 sum += 0

5 assert sum ==

Listing 7 —Duplicate Assert example in Python

Empty Test: As the name implies, this smell occurs when a test case lacks executable
statements (Peruma et al., 2020). This includes methods that are entirely empty or contain only
commented-out code. Listings 8 and 9 illustrate this smell in Java and Python. Notably, in

Python, empty test functions often include a pass statement due to syntax requirements.

I @Test

2 void testIsAdult () {

3 // Not implemented yet
4 %

Listing 8 — Empty Test Java + JUnit example

1 def test_is_adult():
2 # Not implemented yet

3 pass

Listing 9 — Empty Test Python + PyTest example

Exception Handling: This smell occurs when test cases explicitly raise exceptions
or contain exception-handling constructs such as try/catch blocks (Peruma et al., 2020). While
sometimes justified, their presence can complicate test readability and maintainability. Examples

are provided in Listings 10 and 11.
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(S}

A~ W

9}

QTest
public void test () {
/Y oo
try {
// ...
} catch (Exception e) {
7Y ooc
}
/) oo
throw new Exception();

3

Listing 10 — Exception Handling Java + JUnit example

IS

9}

6
7
8

def test_exception_handling():
# ...
try:
# oo
except Exception as e:
# ...
3 600

raise Exception ()

Listing 11 —Exception Handling Python + PyTest example

Ignored Test: This smell appears when a test case is deliberately disabled, for

instance using the @Ignore annotation in JUnit (Peruma et al., 2019). The implementation of

this varies depending on the programming language and test framework. Listings 12 and 13

show Python examples using the unittest and pytest frameworks, respectively. Regardless

of syntax, detection involves identifying commands that disable tests.

Qunittest.skip("Disabled for now as this test is too flaky")
def test_skipped_example(self):
self .peerGroup.addConnectedEventListener (self.connectedListener)

# ...

Listing 12 —Ignored Test Python + Unittest example

Magic Number Test: This smell arises when numeric literals, commonly referred to

as "magic numbers", are used directly in assertions (Peruma et al., 2020). Since these values lack

contextual meaning, they should be replaced by well-named constants or variables. Listings 14
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and 15 present examples in Java and Python.

I @pytest.mark.skip(reason="Disabled for now as this test is too flaky")
2 def test_skipped_example():

3 self .peerGroup.addConnectedEventListener (self.connectedListener)

4

# oL

Listing 13 —Ignored Test Python + PyTest example

I @Test

NS}

public void test () {

/Y oo
4 assertEquals (result, 342);
5 }

w2

Listing 14 —Magic Number Java + JUnit example

1 def test():

5}

# oL

3 assert result == 342

Listing 15 —Magic Number Python + PyTest example

Redundant Print: This smell is present when print statements are used within test
cases (Peruma et al., 2020). These are typically remnants of debugging activity and often go

unnoticed in the final code. Listings 16 and 17 demonstrate this smell in Java and Python.

I QTest
2 public void test() {

3 7Y cac

4 System.out.println("Test");
5 79 oo

6 1}

Listing 16 —Redundant Print Java + JUnit example

1 def test():

2 # oo
3 print ("Test")
4 # ...

Listing 17 —Redundant Print Python + PyTest example
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Sleepy Test: This smell occurs when a test case includes commands that intentionally
delay execution, such as Thread.sleep() in Java. Such delays can make test suites slower and

less reliable. Listings 18 and 19 offer examples in Java and Python.

1 @Test
2 public void test() {

3 7Y oo

4 Thread.sleep (1000) ;
5 7Y oo

6 I

Listing 18 —Sleepy Test Java + JUnit example

1 def test():

2 i3 600
3 time.sleep (1)
4 # ...

Listing 19 —Sleepy Test Python + PyTest example

Unknown Test: This smell arises when a test method lacks any assertion state-
ments (Peruma et al., 2020). Such tests may give a false impression of test coverage without

actually validating behavior. Examples can be found in Listings 20 and 21.

I QTest
2 public void test () {

3 SystemManager systemManager = new SystemManager ();
4 7Y oo

5 systemManager .doSomething () ;

6 7Y oo

7}

Listing 20 — Unknown Test Java + JUnit example

1 def test():

2 systemManager = SystemManager ()
3 # ...

4 systemManager .doSomething ()

5 2 0o

Listing 21 — Unknown Test Python + PyTest example




29

2.2 Test Smell Detection

Researchers have proposed various techniques for detecting test smells across multi-
ple programming languages (Aljedaani et al., 2021). Four prominent approaches for test smell
detection include Metrics, Rules/Heuristics, Information Retrieval, and Dynamic Tainting (Al-
jedaani ef al., 2021). Each technique applies different principles and methodologies to identify
suboptimal patterns in test code.

Metrics-based detection measures the impact of test smell symptoms using structural
and semantic metrics, typically relying on predefined thresholds (Aljedaani et al., 2021). For
instance, tools developed by Rompaey et al. (2007) can detect smells such as General Fixture and
Eager Test by analyzing metrics like the Number of Objects Used in setup methods. Although
this approach is valuable, its adoption is less widespread due to the limitations and variability of
metric-based thresholds (Aljedaani et al., 2021).

Rules/Heuristics are widely used in test smell detection because they rely on well-
defined patterns observable in the source code (Aljedaani et al., 2021). These techniques
often supplement metric-based detection to improve accuracy (Aljedaani et al., 2021). A
common example is the identification of the Assertion Roulette smell by analyzing assertion
statements (Aljedaani et al., 2021). TSDetect (Peruma et al., 2020), a popular tool for Java,
applies this technique by parsing the Abstract Syntax Tree (AST) to identify smells efficiently.

Information Retrieval techniques extract and normalize information from test code,
applying natural language processing and machine learning to identify smells based on textual
features (Aljedaani et al., 2021). Tools like those proposed by Lambiase et al. (2020) exemplify
this method. However, these techniques can struggle when relevant features are missing or
inadequately represented in the code (Aljedaani et al., 2021).

Dynamic Tainting involves monitoring test code during execution, using runtime
data annotated with predefined taint values to detect undesirable behaviors (Aljedaani et al.,
2021). This approach is particularly effective for identifying test dependencies and rotten green
tests (tests that pass but hide underlying issues) (Aljedaani et al., 2021). An example of this
technique is found in the work of Zhang et al. (2014).

Rule and heuristic-based techniques are the most commonly employed, given their
reliance on deterministic patterns (Aljedaani et al., 2021). Dynamic analysis and information
retrieval are used in more specialized contexts, while metrics-based techniques are less frequently

adopted due to their dependency on carefully calibrated thresholds (Aljedaani et al., 2021).
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3 RELATED WORK

In this section, we discuss relevant studies that are related to our work in various
aspects. This chapter is organized as follows: in Section 3.1, we present a review of the literature
on test smells; in Section 3.2, we examine existing approaches for test smell detection and
compare them with the approach proposed in this study. Finally, in Section 3.3, we summarize

our conclusions.

3.1 Literature reviews on test smells

Garousi e Kiiciik (2018) conducted a multivocal literature review of test smells, exam-
ining 166 sources from both the scientific and grey literature. Their study provides practitioners
with a detailed classification of test smells, along with recommendations for test automation,
guidelines, techniques, and tools for their prevention, detection, and correction. An interesting
finding of this work is that the authors identified some test smells as generic (i.e., independent of
any specific framework), while others were framework-specific. However, they also reported
that some test smells initially observed in particular contexts (for example, within the JUnit
framework) are likely to appear in other contexts as well.

Rwemalika er al. (2022) aimed to address gaps in the research on test smells in
System User Interactive Tests (SUITs). The authors conducted an exploratory analysis and a
multivocal literature review, resulting in a catalog of 35 SUIT-specific test smells. They also
analyzed the prevalence of these smells in both industrial and open-source projects. Although
this work focused on a specific context (SUITs), the authors discovered several test smells that
are well-known in other contexts, such as the Eager Test smell. This finding highlights that some
test smells are general and can manifest across a wide variety of scenarios.

Tran et al. (2021) aimed to develop a comprehensive model for assessing the quality
of test cases and test suites. To achieve this, they conducted a literature review of 49 secondary
studies. As a result, the paper presents a model that supports the assessment and improvement
of test artifact quality. The authors examined both test smells and other quality attributes,
highlighting the relationship between test smells and the overall quality of the test code.

Aljedaani et al. (2021) sought to provide practitioners and researchers with a catalog
of tools for detecting test smells. To achieve this, the authors conducted a literature review and

identified 22 such tools. They analyzed the test smells detected by each tool, the programming
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languages and frameworks supported, the detection strategies used, and the extent to which
each tool is adopted. The supported languages include Java, Scala, Smalltalk, and C++, with
Java being the most prominent. Most tools were designed specifically for Java. The results also
revealed that most of the existing tools for detecting test smells are language-specific; among the
22 tools reported, only one supported more than one programming language.

Based on these studies, several research gaps emerge. None of the existing literature
reviews specifically focuses on test smells from a language-oriented perspective. Therefore, in
our work, we conducted a SMS to explore test smells from a programming language standpoint
and to investigate topics such as the most common programming languages studied in the context
of test smells, the test smells that are most prevalent in each language, those that are language-
specific and those that occur across multiple languages, the tools available for each language,
among other aspects.

Previous literature reviews have also highlighted that, while the same test smells
can occur across multiple programming languages, most existing detection approaches remain
language-specific. Consequently, in this master’s dissertation, we address this issue by proposing

a language-independent approach for detecting test smells.

3.2 Test Smell Detection Approaches

3.2.1 Traditional Test Smell Detection Approaches

Recent research has introduced several tools aiming to detect test smells in software
projects to improve test code quality and maintainability. Bodea (2022) presented PyTest-Smell,
a tool designed to identify test smells in Python code written using the PyTest framework. Their
goal was to provide an easy-to-install and user-friendly solution for Python developers. The tool
detects ten different types of test smells and was validated with a detection rate exceeding 90%
for smelly test suites.

Similarly, Paul et al. (2024) proposed xNose, a tool for detecting test smells in
C#, thereby expanding research into a language that had previously been underexplored in this
context. The xNose tool detects sixteen types of test smells and was validated using three distinct
projects, achieving an average precision of 96.97% and an average recall of 96.03%.

Another notable contribution is that of Peruma er al. (2020), who developed TSDE-
TECT, a tool that employs rule-based techniques over AST to detect test smells. TSDETECT
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achieved an average precision of 96% and an average recall of 97% in benchmarks performed
on 65 unit test files covering 19 distinct test smells. Owing to its substantial number of GitHub
forks, it is widely regarded as one of the most adopted tools in this domain, as noted by Aljedaani
et al. (2021).

In the literature, SniffML (Lopes et al., 2024) is a pioneering tool for language-
independent test smell detection, supporting C, C++, C#, and Java. It detects seven test smells:
Assertion Roulette, Conditional Test, Duplicate Assert, Empty Test, Exception Handling, Magic
Number, and Unknown Test. In its evaluation, the tool achieved outstanding results, with a
precision of 97.99%, a recall of 96.90%, and an F-measure of 97.44%.

In our work, we propose a language-independent approach to test smell detection
and evaluate a tool based on this approach by comparing its results with those obtained from
the aforementioned tools. In the Aromal.IA-based tool, we implemented exactly the same set
of test smells supported by PyTest-Smell. However, when applied to our dataset, PyTest-Smell
produced results notably inferior to those originally reported by its authors. In contrast, the
Aromal.IA-based tool outperformed PyTest-Smell in terms of precision, recall, and F1-score.

Regarding the xNose tool, it supports a broader range of test smells than the
Aromal.IA-based tool used in our study. As a result, we could not compare the detection
results for smells that we did not implement. Moreover, xNose does not support one of the test
smells included in our work. Nevertheless, for the nine test smells supported by both tools, the
AromaLIA-based tool achieved superior precision, recall, and F1-score metrics.

With respect to TSDETECT, its use of an AST makes it conceptually related to our
approach, as both rely on AST-based, rule-driven detection. However, a key distinction lies in our
use of a language-agnostic AST rather than a conventional language-specific one. Furthermore,
instead of applying rules directly to the AST, we introduce an intermediate processing layer that
enables more language-independent detection algorithms, thereby reducing the effort required
to support new programming languages. TSDETECT supports all ten test smells included in
the scope of our study, as well as nine additional smells. For these nine extra smells, a direct
comparison was not possible. Nonetheless, when considering only the ten shared smells, the
AromalLIA-based tool achieved higher precision, recall, and F1-scores.

When comparing SniffML with the Aromal.IA-based tool, our tool supports a wider
range of programming languages and detects all the test smells identified by SniffML (plus three

additional ones). Another key advantage is that SniffML relies on the SRCML tool to extract an
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XML representation of the test code, which currently supports only four languages. In contrast,
our tool uses a more versatile extractor to generate the Language-Agnostic Abstract Syntax Tree
(LAAST), which supports a significantly larger number of programming languages and can be
further extended to include even more in the future (Ardito et al., 2020).

Additionally, the test smell detection approach differs between the tools. SniffML
searches for patterns in the code via the XML generated by SRCML. For example, to locate
assertions, it looks for the keyword “assert,” which allows it to detect test smells such as Duplicate
Assert and Assertion Roulette. However, this strategy can produce false positives. If a developer
creates a method whose name contains the word “assert” but is not actually an assertion, SniffML
may incorrectly identify it as such, potentially compromising test smell detection.

In contrast, the Aromal.IA-based tool uses more precise rules that account for
differences between programming languages and rely on the node types in the AST generated
from the test code. This approach reduces the likelihood of such false positives and improves the

accuracy of test smell detection.

3.2.2 LLM-based Test Smell Detection Approaches

Recent studies in the literature investigated the use of Large Language Model
(LLM) for test smell detection. If successful, this approach holds great potential as a language-
independent solution, enabling the detection of test smells across multiple programming lan-
guages with minimal development effort.

In the work of Lucas et al. (2024), the authors evaluated three large language
models (ChatGPT-4, Mistral Large, and Gemini Advanced) for their ability to detect test smells.
The study assessed the models on 30 types of test smells across seven different programming
languages. A key limitation of this work, however, was the small number of test cases for certain
languages. In some cases, only a single test case was available. Among the evaluated models,
ChatGPT-4 achieved the highest accuracy, reaching an overall rate of 70%.

Similarly, SANTANA JUNIOR et al. (2025) examined the use of LLMs for both
detection and refactoring tasks. The evaluated models were GPT-4-Turbo, LLaMA 3 70B, and
Gemini 1.5 Pro. The authors tested these models on Java and Python samples. Among these,
Gemini achieved the highest detection accuracy, with 74.35% for Python and 80.32% for Java.

In our work, we did not explicitly report the accuracy of the Aromal.IA-based

tool, as precision, recall, and F1-score already provide a comprehensive view of performance.
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However, the accuracy value is available in our replication package. Our approach achieved an
overall accuracy of 98%, outperforming the results of the LLM-based approaches reported in
the mentioned studies. Therefore, while LLM-based methods show great promise for reducing
development effort in test smell detection, our results indicate that a more traditional, non-
LLM-based approach, such as AromalIA, may offer higher effectiveness in detecting test

smells.

3.2.3 Comparison of works on test smell detection approaches

Table 2 presents a comparison between our work and the previously mentioned test
smell detection approaches across six aspects: the number of supported languages, the number
of supported test smells, language independence, the specific supported languages, the detection
technique used, and the reported overall accuracy of each approach. For some studies, the authors
did not report overall accuracy, therefore, these were not included in the table.

As shown in the table, our approach stands out compared to those using more
traditional techniques, particularly in the number of supported languages. Our approach also
supports a reasonable number of test smells relative to the other methods. Regarding LL.M-based
approaches, the method proposed by Lucas et al. (2024) supports a larger number of languages;

however, our approach achieved a higher overall accuracy.

3.3 Conclusion

The studies presented in this section highlight efforts over the past few years to
develop solutions for test smell detection, reflecting the growing recognition of the topic’s
importance. Many existing approaches are language-specific, which limits their applicability
to a single programming language and requires the development of new tools to accommodate
additional languages in the context of test smell detection. More recently, initiatives proposing
language-independent solutions have emerged, such as SniffML (Lopes et al., 2024). As noted
earlier, however, this approach relies on a tool to extract a form of AST from the test code that
currently supports only four languages, which restricts its generalizability.

Even more recently, with the advent of LLM, there has been increasing interest in
leveraging these solutions for test smell detection. This strategy has significant potential to

reduce the effort required to detect test smells across new languages, as it does not necessitate
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Table 2 — Comparison of Test Smell Detection Approaches

Approach #Lang. #Smells Lang.- Supported Languages Detection Accuracy
Indep. Technique

AromalLIA 5 10 Yes C#, Java, JavaScript, Language- 98%

(our work) Python, TypeScript independent +

Rule-based

PyTest-Smell 1 10 No Python Rule-based —

(Bodea, 2022)

xNose (Paul er 1 16 No C# Rule-based —

al., 2024)

TSDETECT 1 19 No Java Rule-based —

(Peruma et al.,

2020)

SniffML 4 7 Yes C, C++, C#, Java Language- —

(Lopes et al., independent +

2024) Rule-based

LLM-based 7 30 Yes C#, Java, JavaScript, LLM 70%

(Lucas et al., Python, Ruby, Smalltalk,

2024) TTCN-3

LLM-based 2 15 Yes Java, Python LLM 80%

(SANTANA

JUNIOR et

al., 2025)

Source: prepared by the author.

building a detection tool from scratch. However, when comparing the results obtained by our
approach in this work, we observe that the accuracy of LLM-based approaches remains lower,
indicating that further research is needed to improve the correctness of detections using such

methods.
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4 EXPLORING TEST SMELLS ACROSS PROGRAMMING LANGUAGES: A
SYSTEMATIC MAPPING STUDY

This chapter outlines the initial step of the methodology employed in this Master’s
dissertation: a SMS focusing on test smells across various programming languages. The chapter
is structured as follows: Section 4.2 details our systematic research methodology, Section 4.3
presents our comprehensive findings and analysis, Section 4.4 provides an in-depth examination
and interpretation of the results, Section 4.5 addresses potential threats to validity and our
mitigation strategies, and Section 4.6 concludes with key insights and directions for future

research.

4.1 Introduction

Testing stands as one of the fundamental practices for ensuring code quality in
software development (Tran et al., 2021). While manual testing requires human intervention,
automated testing offers a more efficient alternative through test scripts that provide repeata-
bility with significantly reduced effort (Garousi; Kiiciik, 2018). For organizations embracing
continuous delivery, automated testing becomes particularly crucial, enabling them to acceler-
ate the journey from feature conception to customer delivery while maintaining high quality
standards (Tran et al., 2021).

However, just as production code must evolve to remain relevant, test code requires
similar attention to maintain its effectiveness over time (Tran et al., 2021). The consequences of
poorly implemented test code extend beyond mere inefficiency; they translate into significant
extra costs and unnecessary effort (Garousi; Kii¢iik, 2018). This concern becomes particularly
pressing when we consider that developers dedicate approximately one-quarter of their time to
engineering test code (Beller ef al., 2015). Among the various factors that can compromise the
maintainability and evolution of test code, test smells emerge as a critical concern. Test smells
represent poor design choices made by developers during test implementation (Aljedaani et al.,
2021), and these choices can ultimately result in test code that becomes difficult to maintain and
evolve (Panichella et al., 2022).

The foundation of test smell research was established by Deursen et al. (2001), who
introduced an initial catalog of 11 test smells along with their corresponding refactoring strategies.
This seminal work has since inspired a wealth of research, with numerous studies expanding the

field by proposing new test smells, developing refactoring techniques, and creating detection and
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refactoring tools. The research landscape has been further enriched by comprehensive literature
reviews that have compiled extensive catalogs of test smells (Garousi; Kiiciik, 2018; Garousi
et al., 2019), systematically identified and analyzed test smell detection tools (Aljedaani et al.,
2021), and explored test smells within specific domains (Rwemalika et al., 2022). Despite this
substantial body of work, a critical gap remains: none of these studies specifically examines the
prevalence of test smells across different programming languages and frameworks. Consequently,
fundamental questions remain unanswered, such as which test smells are language-specific and
which are more prevalent in particular programming environments.

Overlooking programming language perspectives in test smell research has created
a significant practical challenge. Many studies propose state-of-the-art solutions for test smell
detection and refactoring that are tailored to specific programming languages, often focusing
on just one language at a time. This narrow scope severely limits the reusability of research
findings across different programming environments. Consequently, researchers find themselves
repeatedly building solutions from scratch to address identical problems in several languages,
a process that is both complex and time-consuming. The development of more general and
reusable solutions could dramatically simplify this process, but achieving this goal requires first
illuminating the current landscape, identifying potential research directions, and establishing a
foundation for future investigations.

To address this critical gap, our work explores the intricate relationship between
test smells and the programming languages and frameworks in which they manifest. Through
a comprehensive SMS, we gathered and analyzed data from papers published up to August
2025, ultimately selecting 117 papers that explicitly addressed test smells while citing specific
programming languages or test frameworks. Our investigation revealed a rich landscape of
213 distinct test smells distributed across 11 programming languages (including Java, Python,
JavaScript, TypeScript, C#, and others) and 15 test frameworks (such as JUnit, PyTest, Jest,
xUnit, and others).

Our findings reveal several noteworthy patterns. Java emerges as the most frequently
referenced language, with JUnit standing out as the predominant testing framework. In contrast,
Python has gained substantial traction in recent years, reflecting an increasing diversity within
the research landscape. Regarding test smells, Assertion Roulette and Eager Test are the most
frequently discussed in the literature, whereas Unknown Test demonstrates the broadest coverage

across programming languages. We also identified language-specific test smells, such as those
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observed exclusively in TTCN-3.

Beyond prevalence, we examined test smell criticality from two complementary
perspectives: developers’ perceptions and their impact on maintainability. Interestingly, despite
their frequent discussion, Assertion Roulette and Eager Test are not perceived as highly critical.
Instead, we found the most severe test smells to be Sleepy Test, Ignored Test, Resource Optimism,
and Mystery Guest. Finally, our study contributes by cataloging a broad set of refactoring
strategies for different test smells, along with curated datasets and a catalog of detection and

refactoring tools.

4.2 Research Methodology

This section outlines the procedures used to conduct a systematic mapping study on
test smells across programming languages. This review follows the guidelines established by

Ampatzoglou et al. (2019).

4.2.1 Goal And Research Questions

The main goal of this work is to analyze test smells in the literature from a program-
ming language perspective, providing comparisons and insights on this topic. To achieve this
goal, we defined the following research questions:

RQ1. Which programming languages and frameworks are most frequently addressed
in discussions of test smells, and what are the most prevalent test smells associated with each?
This question aims to identify the prevalence of certain programming languages and frameworks
in test smell discussions and determine the most frequently addressed test smells for each.

RQ2. What are the universal test smells across all programming languages and
frameworks, and which test smells are specific to particular languages? This question seeks to
identify test smells common across all (or most) programming languages and frameworks, as
well as those specific to certain languages and frameworks.

RQ3. What refactorings are commonly recommended for addressing test smells in
each programming language and framework? This question aims to identify the techniques used
to refactor test smells across different languages and frameworks.

RQ4. What datasets of test smells are available for each programming language and

framework? This question aims to identify and catalog datasets of test smells across different
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languages and frameworks.

RQS. Which test smells are most critical across different programming languages
and frameworks? This question aims to gather evidence from the literature about the severity of
various test smells in different programming languages and frameworks. We analyzed criticality
from two perspectives: a general developer’s perception of the test smell and the impact of the
test smell on maintainability.

RQ6. What test smell detection or refactoring tools have been proposed for each
programming language and framework? This question seeks to identify detection and refactoring
tools proposed for each language and framework, providing practical and useful information
for both academics and practitioners aiming to address test smells in specific languages or
frameworks.

With these research questions, we aimed not only to provide a language perspective
on test smells through RQ1 and RQ?2, but also to offer insights that can support future research.
These insights can help develop solutions to expand the set of studied languages in the context of
test smells or create general approaches for detecting and refactoring test smells across multiple
languages. Specifically, our contributions include common refactorings for test smells that could
be implemented in new tools (RQ3), datasets of test smells in various languages that could be
used to validate new studies (RQ4), identification of the most critical test smells that require
greater attention (RQS5), and a list of tools that can serve as a reference or comparison basis for

new studies (RQ6).

4.2.2 Search Strategy

From the research questions, we identified relevant terms and their synonyms to be
used as keywords for the search. We organized the keywords into three groups, separated by
AND clauses. The first group aims to retrieve works specifically addressing test smells. The
second group targets works that deal with refactoring, datasets, or tools related to test smells. The
third group focuses on filtering works that discuss programming languages. The search string
used is as follows: (“test smell” OR “test smells”) AND (“tool” OR “detect” OR “refactoring”
OR “dataset”) AND (“language” OR “languages” OR “code”).

To capture as many relevant works as possible, we left the start of the search period
open and limited only the end to August 2025. We also selected relevant and high-quality digital

libraries to conduct the automatic search, as shown in Table 3.
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Table 3 — Digital libraries for automatic search

Name URL

ACM Digital Library http://portal.acm.org

El Compendex http://www.engineeringvillage.com
IEEE Digital Library http://ieeexplore.ieee.org

Science @Direct http://www.sciencedirect.com
Scopus http://www.scopus.com

Springer Link http://link.springer.com

Source: prepared by the author.

4.2.3 Selection Strategy

The search described in the previous sections yielded a substantial number of studies
(787 in total). The first step was to remove duplicate papers, which resulted in the elimination of

333 duplicates. Next, we applied the inclusion and exclusion criteria detailed in Table 4.

Table 4 — Inclusion and exclusion criteria

Inclusion Criteria Exclusion Criteria

Address test smells in one or more programming lan- Does not address test smells or does not address

guages or frameworks test smells in some programming languages or
frameworks
Papers in English Papers in any language other than English
Primary studies Secondary and tertiary studies
Duplicated papers
Proceedings

Source: prepared by the author.

By applying the inclusion and exclusion criteria, 276 papers were excluded based
solely on their titles, keywords, and abstracts. Following this, we reviewed the full texts of the
remaining papers. During this stage, we removed 48 papers based on the inclusion and exclusion
criteria applied to the full texts. This process resulted in a final set of 117 papers. Subsequently,
we conducted a quality assessment of these papers, but no papers were excluded based on this
assessment. The entire process is illustrated in Figure 2.

For the paper selection process, we employed a peer review approach involving
three of the four co-authors. The review team consisted of two doctoral-level researchers with
extensive expertise in test smells and software testing, and one master’s student with moderate
experience in the domain. This composition ensured both methodological rigor and diverse
perspectives during the selection process. We conducted the selection process in two distinct
phases: (1) initial screening based on titles, abstracts, and keywords, and (2) full-text review for

papers that passed the initial screening. To maintain methodological transparency, any papers
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with discordant initial assessments were automatically advanced to the full-text review phase,
allowing for more comprehensive evaluation. This approach ensured we did not prematurely
exclude potentially relevant papers due to limited information in abstracts or titles. In cases
where reviewers disagreed on paper inclusion or exclusion, the authors had a discussion where
they debated their viewpoints, carefully considering how each paper aligned with our established
selection criteria. The inter-rater agreement was high throughout the selection process, with

minimal disagreement among reviewers.

Figure 2 — Selection process
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Source: prepared by the author.

4.2.4 Quality Assessment

We conducted a quality assessment to evaluate the strength of the evidence in the
studies included in this SMS. We derived the questions (Table 5) for the evaluation from the 11
quality criteria outlined by Machado et al. (2014), which cover four key aspects: reporting, rigor,

credibility, and relevance. We used a binary scale for the assessment: “yes” (1) and “no” (0).
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With 11 questions, the maximum achievable score is 11. The studies received scores ranging
from 5 to 10, with a median of 9 and an average of 8.61. These results indicate that the papers
included in this SMS exhibit high quality. We did not exclude any papers based on the quality

assessment.

Table 5 — Quality assessment questions

Number Question Issue

1 Is the paper based on research and not merely a “lessons learned” report ~ Reporting
based on expert opinion?

2 Is there a clear statement of the aims of the research? Reporting

3 Is there an adequate description of the context in which the research was  Reporting
carried out?

4 Was the research design appropriate to address the aim of the research? Rigour

5 Was there a control group with which to compare the treatments? Rigour

6 Was the data collected in a way that addressed the research issue? Rigour

7 Was the data analysis sufficiently rigorous? Rigour

8 Has the relationship between researcher and participants been considered to  Credibility
an adequate degree?

9 Is there a clear statement of findings? Credibility

10 Is the study valuable for research or practice? Relevance

11 Are there any practitioner-based guidelines? Relevance

Source: prepared by the author.

4.2.5 Data Extraction and Synthesis

For data extraction, we designed a form, shown in Table 6, to address the four
research questions defined for this SMS. The questions in the form cover the following aspects:
test smells, programming languages and frameworks mentioned in the studies, detection or
refactoring tools for test smells, and evidence regarding the criticality of each test smell. We
extracted all data in plain text format.

Some test smells appear in the literature under different names, even though they
describe the same underlying issue. To avoid reporting duplicate test smells, we relied on an
open catalog of test smells (Soares et al., 2023), which served as a reference to standardize the
terminology used in this SMS. The same catalog also provides definitions for several of the test
smells considered in this study. For new test smells not included in the catalog, the original

papers provide definitions, and Appendix A lists those papers.
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Table 6 — Data extraction form

Question Description RQs

Languages and Frameworks Men- Programming languages and frameworks discussed in  RQ1/RQ2

tioned the study

Test Smells Identified Test smells associated with the mentioned lan- RQI1/RQ2
guages/frameworks

Test Smells Refactorings Refactorings for the identified test smells RQ3

Test Smells Datasets Test smells datasets used or referenced on the selected RQ4
papers

Test Smells Criticality Assessment or discussion of the severity or impact of RQ5

the identified test smells
Detection or Refactoring Tool Pro- Description of any detection or refactoring tools pro- RQ6
posed posed in the study

Source: prepared by the author.

4.3 Results

In this section we present an overview of the results we obtained and answer the

research questions.

4.3.1 Overview

After applying the process shown in Figure 2, we retained 117 papers. Figure 3
indicates the number of studies (out of the 117 accepted) per year. The figure demonstrates a
notable increase in studies involving test smells since 2018, indicating that researchers have
shown growing interest in this topic.

Our analysis revealed several key quantitative insights: (1) The 117 papers col-
lectively identified 213 distinct test smells across 11 programming languages and 15 testing
frameworks, with Java/JUnit being the most frequently studied combination (appearing in 62
papers); (2) The most universal test smell was Unknown Test, appearing in 11 different lan-
guage/framework combinations, followed by Conditional Test Logic, Exception Handling, and
Magic Number, each appearing in 10 combinations; (3) A total of 94 distinct refactoring tech-
niques were identified, with Extract Method being the most frequently mentioned (44 times); (4)
The criticality analysis covered 33 test smells, with Sleepy Test identified as the most critical;
and (5) The tooling landscape includes 36 tools, with 61% currently available and only 14%

supporting both detection and refactoring capabilities.
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Figure 3 — Final papers per year
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Source: prepared by the author.

4.3.2 RQI1: Which programming languages and frameworks are most frequently addressed
in discussions of test smells, and what are the most prevalent test smells associated

with each?

To answer this research question, we analyzed all the languages and frameworks
related to test smells that the selected papers mentioned. Table 7 shows these languages and
frameworks along with the number of studies that mentioned each one. The analyzed studies
mention a total of 11 programming languages. The papers also mention 15 different testing
frameworks: 1 for C#, 3 for Java, 2 for JavaScript, 7 for Python, 1 for Scala, 2 for TypeScript,
and one generic framework, which is Robot (Bisht, 2013).

The languages identified span different typing systems and programming paradigms.
Static typing languages include C, C#, C++, Java, Kotlin, Scala, and TTCN-3, while dynamic
typing languages include JavaScript, Python, and Smalltalk. The majority of languages (8 out
of 11) use strong typing, with only C and C++ using weak typing. Most languages support
multiple paradigms, with Java, C#, C++, JavaScript, Kotlin, Python, and TypeScript being multi-
paradigm languages supporting object-oriented, functional, and/or procedural programming.
Only Smalltalk is purely object-oriented, while TTCN-3 is declarative and specifically designed
for telecommunications testing (Grabowski et al., 2003).

Figure 4 shows a trend of how often each language presented in Table 7 has been
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Table 7 — Languages and frameworks

Language Framework Number of Pa-
pers
C - 1
C++ - 1
C++ GoogleTest 1
C# - 1
C# xUnit 1
Java JUnit 62
Java - 27
Java TestNG 4
Java Selenium WebDriver 1
JavaScript Chai 1
JavaScript Jest 1
Kotlin - 1
Python Unittest 10
Python PyTest 8
Python Nose 2
Python - 1
Python absl 1
Python GoogleTest 1
Python Numpy 1
Python Tensorflow 1
Scala ScalaTest 3
Smalltalk - 1
TTCN-3 - 2
Typescript Jest 2
Typescript Chai 1
2

- Robot Framework

Source: prepared by the author.

mentioned over the years. As can be seen in the figure, Java appeared almost every year, and
in the most recent years, the number of mentions has increased. Python is a language that has
started to appear with some frequency in the last few years. Some languages, like C and C++,
have only been cited in one year. This trend shows that the language most frequently mentioned
in the context of test smells is Java. Python, on the other hand, has only begun to appear regularly
in the last few years, but its frequency of mentions has grown rapidly, surpassing Java in 2024.
Other languages lack analysis in the context of test smells.

Figure 5 shows the same trend for the frameworks associated with each language.
It demonstrates that the framework most commonly associated with Java in the majority of the
papers is JUnit.

We analyzed the test smells most frequently discussed in relation to tests in each
language. The test smell most commonly addressed in discussions about test smells in Java is
Eager Test, with 51 mentions. In Python, the most widely discussed test smells are Conditional

Test Logic and Exception Handling, with ten mentions each. The other languages have few
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Figure 4 — Language trend
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Figure 5 — Language/framework trend
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mentions of each test smell.

We also examined the most frequently addressed test smells across all languages.
Table 8 shows the top 20 most mentioned test smells across all languages. The table shows that
the test smells Assertion Roulette and Eager Test stand out as the most cited. In this table, we
omitted languages that do not mention any of these 20 test smells. One interesting fact is that

Java is related to all 20 test smells, while Python is associated with 19 of them.
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Table 8 — Top 20 most cited test smells across all languages

Test Smell C C# C++ Java Kotlin Python Scala JavaScript Typescript Total
Assertion Roulette 0o 2 1 49 0 7 2 1 1 63
Eager Test 0 1 51 0 2 2 1 1 59
Conditional Test 0 3 1 31 0 10 0 1 48
Logic

Duplicate Assert 0 3 1 32 0 7 0 1 1 45
Exception Handling 0o 2 1 27 0 10 0 1 1 42
Magic Number 0o 2 2 28 0 7 0 1 1 41
Sensitive Equality 0 1 0 37 0 1 2 0 0 41
Mystery Guest 0 O 0 36 0 1 2 1 1 41
Unknown Test 0 3 1 26 0 7 0 1 1 39
General Fixture 0 O 0 32 1 4 2 0 0 39
Sleepy Test 0 1 0 23 0 8 0 1 1 34
Resource Optimism 0 O 0 31 0 1 0 1 1 34
Empty Test 0o 2 1 22 0 7 0 0 0 32
Ignored Test 0 1 0 23 0 5 0 1 1 31
Redundant Assertion 0 1 0 21 0 6 0 1 1 30
Lazy Test 0 0 0 24 0 1 2 1 1 29
Redundant Print 0 1 0 12 0 7 0 2 1 23
Obscure Test 0 O 1 18 0 3 0 0 0 23
Constructor Initial- 0 1 0 16 0 5 0 0 0 22
ization

Duplicated Test Code 1 0 0 11 0 0 0 0 0 13

Source: prepared by the author.

We also analyzed the distribution of test smells across programming languages by
category. For this, we classified the test smells according to the types defined in the test smell
catalog of Soares et al. (2023), which are: code-related, dependencies, design-related, issues in
test steps, test execution (behavior), and test semantics (logic). Table 9 shows the distribution of
test smells across the languages.

The most common types of test smells are code-related, followed by test semantic
(logic) issues and issues in test steps. The remaining types occur less frequently overall. Java
exhibits a relatively balanced distribution of test smell types, with no single type showing a
significantly higher occurrence than the others. Python exhibits a higher proportion of code-
related test smells and issues in test steps. An interesting case is TTCN-3, where code-related
issues dominate, a behavior that may be related to the fact that TTCN-3 is a language specifically
designed for writing test code; hence, most problems tend to be code-related rather than belonging
to other categories, such as Dependencies or Design-related. Another noteworthy observation is
that dynamically typed languages, such as Python, TypeScript (which supports optional typing),
and JavaScript, exhibit more test execution (behavior) test smells compared to statically typed

languages, such as Java.
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Table 9 — Test smell categories per language

L | Counts | Percentages
anguage
‘ Code Dep Design Steps Exec Sem‘ Code Dep Design  Steps Exec Sem

C 1 0 0 0 0 0 100.0% 0.0%  0.0% 0.0% 0.0%  0.0%
C# 8 1 4 6 2 6 29.6%  3.7% 148% 222% 74% 22.2%
C++ 5 0 1 2 0 2 50.0%  0.0% 10.0% 200%  0.0%  20.0%
Java 211 92 51 142 47 166 | 30.4% 133% 7.4% 205% 6.8%  23.9%
Kotlin 0 0 0 1 0 0 0.0% 0.0%  0.0% 100.0% 0.0%  0.0%
Python 36 9 15 38 16 20 | 300% 7.5% 12.5% 31.7% 13.3% 16.7%
Scala 0 2 0 4 0 6 0.0% 16.7% 0.0% 333% 0.0%  50.0%
Smaltalk 1 0 0 0 0 0 100.0% 0.0%  0.0% 0.0% 0.0%  0.0%
TTCN-3 54 0 8 6 0 6 72.0%  0.0% 10.7%  8.0% 0.0%  8.0%
Typescript | 4 3 1 2 3 5 22.2% 16.7% 5.6% 11.1% 16.7% 27.8%
Javascript | 3 2 1 2 2 4 21.4% 143% 7.1% 14.3% 14.3% 28.6%
Robot 26 3 2 5 1 4 63.4% 73% 4.9% 122%  2.4%  9.8%

Source: Abbreviations: Code = Code related, Dep = Dependencies, Design = Design related,
Steps = Issues in test steps, Exec = Test execution (behavior), Sem = Test semantic (logic)

4.3.3 RQ2: What are the universal test smells across all programming languages and

Jrameworks, and which test smells are specific to particular languages?

To address this question, we analyzed test smells that appeared in multiple languages
or frameworks, as well as those that appeared in only a single language or framework. We
defined universal test smells as those present in at least two languages, indicating that there is
evidence in the literature that these test smells can occur across multiple languages. Conversely,
language-specific test smells are those observed in only one language, indicating that, to date,
there is no evidence in the current literature that these test smells occur in multiple languages.

Table 10 shows the test smells that appeared in multiple languages or frameworks.
In total, 37 test smells appeared in more than one language or framework, with mentions
ranging from 2 to 11 across different languages or frameworks. As seen in the table, the test
smell that appeared in the most languages or frameworks was Unknown Test, with 11 different
language/framework associations, followed by Conditional Test Logic, Exception Handling, and
Magic Number, which were each associated with 10 different languages/frameworks. Table 8
shows that these test smells are also among the most frequently cited.

Appendix B shows the list of test smells that appeared in a single language or
framework. In total, we identified 176 test smells in the languages or frameworks: C++, Java
(without specifying any framework), Java/JUnit, Java/TestNG, Python/PyTest, Python/Unittest,
Robot Framework, Smaltalk, TTCN-3, and Typescript/Jest. As shown in the table, Java is the

language with the most test smells that appear exclusively within a single language, which
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Table 10 — Test smells that appear in more than one language or framework

Test Smell N. of Languages/Frameworks
Unknown Test 11

Conditional Test Logic 10

Exception Handling 10

Magic Number 10

Assertion Roulette 9

Duplicate Assert

Eager Test

Redundant Print

Ignored Test

Sleepy Test

Obscure Test

Redundant Assertion
Empty Test

General Fixture

Lazy Test

Mystery Guest

Resource Optimism
Sensitive Equality
Constructor Initialization
Duplicated Test Code
Obscure In-Line Setup
Dead Field

Default Test

Dependent Test

Lack Of Cohesion Of Test Methods
Non-Functional Statement
Programming Paradigms Blend
Redudant Print

Test Maverick

Undefined Test

Verifying In Setup Method
Bad Naming
Inappropriate Assertion
Indirect Testing

Lack Of Cohesion

Private Method Test
Redudant Test

DD NN WWWWWWWWWWERERARERDRETULLULUUADDDND I XXXO OO

Source: prepared by the author.

aligns with the fact that Java (and its frameworks) was the most frequently mentioned in papers
addressing test smells. An interesting observation is that, apart from Java, the languages or
frameworks with the highest number of test smells exclusive to a single language were those
specifically designed for writing tests, such as Robot (Bisht, 2013) and TTCN-3 (Grabowski et
al., 2003).
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4.3.4 RQ3: What refactorings are commonly recommended for addressing test smells in

each programming language and framework?

To answer this question, we collected the refactoring techniques for test smells
reported in the reviewed studies. A total of 56 test smells had associated refactorings, resulting
in 94 distinct refactorings across three programming languages (Java, Scala and Python) and
seven frameworks (JUnit, TestNG, ScalaTest, Robot Framework, Unittest, PyTest and Nose).
Some test smells had multiple refactorings reported. For example, for the Assertion Roulette
smell, two possible refactorings are Add Assertion Explanation (demonstrated in Listing 22) and
Extract Method (illustrated in Listing 23). Additionally, some refactorings address multiple test

smells; for instance, Extract Method is also used to refactor the Duplicate Assert smell.

I @QTest

)

public void testCloneNonBareRepoFromLocalTestServer () throws Exception {

3 Clone cloneOp = new Clone(

4 false,

5 integrationGitServerURIFor ("small -repo.early.git"),
6 helper () .newFolder ()

7 )

8

9 Repository repo = executeAndWaitFor (cloneOp);

11 // ezplanatory message added

12 assertThat (

13 "repo should has correct git object",

14 repo,

15 hasGitObject ("balf63e4430bff267d112ble8afc1d6294dbOccc")
16 )

17

18 File readmeFile = new File(repo.getWorkTree(), "README");
19

R0 // explanatory message added

P1 assertThat ("readme file should exist", readmeFile, exists());
P2

p3 // explanatory message added

P4 assertThat (

5 "readme file length should be 12L",

R6 readmeFile.length (),

p7 equalTo (12L)

P8 ) 8

29}

Listing 22 —Refactored Assertion Roulette Java example
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1 @Test

2 public void testRepositoryContainsExpectedGitObject () throws Exception {
3 Clone cloneOp = new Clone(

4 false,

5 integrationGitServerURIFor ("small -repo.early.git"),

6 helper () .newFolder ()

7 )

8 Repository repo = executeAndWaitFor (cloneOp) ;

9 assertThat (

10 repo,

11 hasGitObject ("balf63e4430bff267d112ble8afc1d6294dbOccc")
12 )

13}

14

15 @Test

16 public void testReadmeFileExists () throws Exception {

17 Clone cloneOp = new Clone(

18 false,

19 integrationGitServerURIFor ("small -repo.early.git"),
R0 helper () .newFolder ()

p1 )5

p2 Repository repo = executeAndWaitFor (clone0Op);

p3 File readmeFile = new File(repo.getWorkTree(), "README");
P4 assertThat (readmeFile, exists());

P53}

P6

27 @Test

P8 public void testReadmeFileHasCorrectLength() throws Exception {

29 Clone cloneOp = new Clone(

BO false,

Bl integrationGitServerURIFor ("small -repo.early.git"),
B2 helper () .newFolder ()

B3 )

B4 Repository repo = executeAndWaitFor (cloneOp);

B5 File readmeFile = new File(repo.getWorkTree(), "README");
B6 assertThat (

B7 readmeFile.length (),

B8 equalTo (12L)

B9 )

4o}

Listing 23 —Refactored Assertion Roulette Java example

The most frequently mentioned refactoring technique was Extract Method, appearing

44 times across different test smells, followed by Add Assertion Explanation (16 mentions)
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and Setup External Resource (9 mentions). Other commonly cited refactorings include Extract
Class (8 mentions), Use Parameterized Test (7 mentions), and Introduce Equality Method (6
mentions). The test smell with the most diverse refactoring options was Exception Handling,
with 11 different refactoring techniques reported, followed by Assertion Roulette and Conditional
Test Logic, each with seven different refactoring approaches.

Table 11 presents the most frequently cited refactorings. We omitted from this table
test smells with only a single reported refactoring, as well as those for which all refactorings
have the same number of mentions. As shown, the most common refactorings for the test smells
Assertion Roulette and Eager Test (the two most frequently cited test smells) are Add Assertion
Explanation and Extract Method, respectively. Additionally, the Extract Method appears most
often overall, as it can address multiple test smells. A comprehensive list of refactorings,

organized by language and framework, is available in Appendix C.

Table 11 — Test smells and favorite refactorings

Test Smell Refactoring N. of Mentions
Assertion Roulette Add assertion explanation 16
Eager Test Extract method 11
Duplicate Assert Extract method 7
Sensitive Equality Introduce equality method 6
Duplicated Test Code Extract method 5
Mystery Guest Setup external resource 5
Resource Optimism Setup external resource 4
General Fixture Extract method 4
Lack Of Cohesion Of Test Methods Extract class 3
Indirect Testing Extract method 3
Unknown Test Add assertion 2
Conditional Test Logic Extract method 2
Test Run War Make resource unique 2

Source: prepared by the author.

4.3.5 RQ4: What datasets of test smells are available for each programming language and

Jramework?

To answer this question, we collected the test smell datasets mentioned or used in

the referenced works. We manually examined these datasets to verify their availability. After
this process, we identified a total of 16 test smell datasets. Table 12 provides an overview of the
identified datasets. These datasets cover the following languages/frameworks: C++/GoogleTest,
C#, C#/xUnit, Java, Java/JUnit, Python/Unittest, and Robot Framework. In total, the datasets

encompass 73 different test smells across these seven languages/frameworks. The list of test
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smells in each dataset is available in the replication package.

Table 12 — Test smells dataset overview

Language/ Frame- N. of Test Dataset URL

work Smells

C# 4 https://figshare.com/articles/dataset/Reinforcement_ILearning_from_
Static_Quality_Metrics/25983166?file=46868443

C#/xUnit 7 https://figshare.com/articles/dataset/A_Road_to_Find_Them_All_
Towards_an_Agnostic_Strategy_for_Test_Smell_Detection/26444968

C#/xUnit 16 https://github.com/Partha-SUST 16/xNose/tree/main/results

C++/GoogleTest 7 https://figshare.com/articles/dataset/A_Road_to_Find_Them_All_
Towards_an_Agnostic_Strategy_for_Test_Smell_Detection/26444968

Java 16 https://github.com/bhpachulski/SAST21-Paper

Java 4 https://github.com/darioamorosodaragona-tuni/
ML-Test-Smell-Detection-Online- Appendix

Java/JUnit 1 https://github.com/unittesting-nonpublic/private-keep-out_
replication-package

Java/JUnit 1 https://doi.org/10.5281/zenodo.11267987

Java/JUnit 4 https://zenodo.org/records/3337892#.XswWby-w3yU

Java/JUnit 7 https://figshare.com/articles/dataset/A_Road_to_Find_Them_All_
Towards_an_Agnostic_Strategy_for_Test_Smell_Detection/26444968

Java/JUnit 7 https://figshare.com/s/b1d6b70e10837aaf3f177file=41800866

Java/JUnit 19 https://testsmells.org/pages/testsmellexamples.html

Java/JUnit 20 https://figshare.com/s/7b8bf9a7580001929f63 ?file=27729300

Java/JUnit 21 https://figshare.com/s/da2b1903e7b209b1{77e?file=50726838

Python/Unittest 14 https://figshare.com/s/4789bd212185042cdad0?ile=49671705

Python/Unittest 17 https://se.cite.ehime-u.ac.jp/data/Fushihara SEAA2023/

Python/Unittest 18 https://se.cite.ehime-u.ac.jp/data/Fushihara_ SEAA2024/

Robot Framework 16 https://github.com/kabinja/suit-smells-replication-package

Source: prepared by the author.

4.3.6 RQS5: Which test smells are most critical across different programming languages and

Jrameworks?

To answer this question, we collected evidence directly from the papers regarding
the criticality of various test smells. Specifically, when a paper indicated that a particular test
smell (such as Assertion Roulette or Eager Test) was critical, we carefully examined the text to
understand the criteria or rationale behind that assessment. In other words, our evaluation was
grounded in the authors’ own discussions, observations, or metrics rather than our subjective
judgment. Once we gathered criticality evidence from multiple papers, we standardized these
assessments by organizing them into a five-level scale ranging from very low to very high
criticality. This approach allowed us to compare and synthesize insights across different studies
systematically.

The test smells for which we collected criticality evidence included: Ambiguous
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Display Name, Assertion Roulette, Conditional Test Logic, Constructor Initialization, Duplicate
Assert, Duplicate Display Name, Eager Test, Empty Test, Exception Handling, General Fixture,
Ignored Test, Inconsistent Display Name, Inconsistent Style, Lazy Test, Magic Number, Missing
Display Name, Multilingual Display Name, Mystery Guest, Non-Functional Statement, Obscure
Test, Programming Paradigms Blend, Redundant Assertion, Redundant Display Name, Resource
Optimism, Sensitive Equality, Sleepy Test, Test Run War, Unclear Display Name, Undefined Test,
Ungrammatical Display Name, Unknown Test, and Verifying In Setup Method.

Most papers focused on criticality in terms of maintainability, while others examined
it from a general developer’s perspective. However, some papers did not specify the subject of
criticality, and we excluded them from the analysis. We also identified one study that approached
test smell criticality from the perspective of energy consumption, classifying test smells into
four categories based on their energy impact: Strong (Assertion Roulette, Lazy Test, Eager Test,
Magic Number Test), Moderate (Dependent Test, Unknown Test, Verbose Test), Weak (Sensitive
Equality, Conditional Test Logic), and Very Weak (Redundant Assertion). While this represents
a novel perspective on test smell criticality, we did not include it in our main analysis due to the
limited evidence from a single study.

Some test smells, such as Ambiguous Display Name, Constructor Initialization,
Duplicate Display Name, Exception Handling, General Fixture, Inconsistent Display Name,
Inconsistent Style, Lazy Test, Missing Display Name, Multilingual Display Name, Programming
Paradigms Blend, Redundant Assertion, Redundant Display Name, Sensitive Equality, Test Run
War, Unclear Display Name, Undefined Test, Ungrammatical Display Name, Unknown Test, and
Verifying In Setup Method, had limited evidence in the literature regarding their criticality (with
only one paper classifying the criticality of these smells). Due to this scarcity of evidence, we
decided not to analyze these test smells further.

Figure 6 presents the criticality of the test smells Magic Number, Eager Test, Dupli-
cate Assert, and Assertion Roulette based on the general developer’s perception. Among these
four test smells, the only one with 100% agreement was Magic Number, which received a very
low criticality classification. The classification of the Assertion Roulette test smell ranged from
very low to low criticality, indicating that, in the developer’s perception, this is not a critical test
smell. The other two test smells (Eager Test and Duplicate Assert) exhibited some discrepancy
in classification, ranging from very low to high criticality.

Figure 7 shows the criticality of the test smells Sleepy Test, Resource Optimism,
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Figure 6 — Test smells criticality concerning developer’s perception in general
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Source: prepared by the author.

Obscure Test, Mystery Guest, Magic Number, Ignored Test, Eager Test, Conditional Test Logic,
and Assertion Roulette in terms of maintainability. The only test smell with 100% agreement in
its classification was the Ignored Test, which received a high criticality classification. The test
smells Sleepy Test, Resource Optimism, and Mystery Guest were also classified as high criticality.
Notably, the Sleepy Test received a very high criticality rating from one paper, indicating that
it is a particularly critical test smell with respect to maintainability. The classifications for
Magic Number, Conditional Test Logic, and Assertion Roulette varied from low to moderate
criticality. The remaining two test smells, Obscure Test and Eager Test, displayed a higher level

of disagreement in classification, with Eager Test receiving four different ratings.

4.3.7 RQG6: What test smell detection or refactoring tools have been proposed for each

programming language and framework?

To answer this question, we collected tools related to test smells mentioned in the
literature, including extensions to existing tools. In total, we identified 36 tools for C#, Java,
JavaScript, TypeScript, Python, Scala, and TTCN-3, as shown in Table 13. Of these, 22 tools
(61%) are currently available, while 14 (39%) are unavailable (e.g., Better Code Hub Extension,
Evosuite Extension, TASTE, TestComet & Teslo, TSGame, TestHound, DFD, DFI, STEEL,
and Pysta). Java has the most significant number of available tools (15), followed by Python
(4). We also found tools designed for specialized testing languages, such as Ukwikora and
sonar-ikora-plugin for Robot Framework, and TRex for TTCN-3. However, only one tool,
STEEL, is available for JavaScript, highlighting a notable gap for that language.

Refactoring capabilities within the ecosystem remain limited: only five tools (RAIDE,
TESTLER, DARTS, TRex, and UTRefactor) support both detection and automatic refactoring,

accounting for just 14% of the available solutions. This fact highlights a broader gap in the
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Figure 7 — Test smells criticality concerning maintainability
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field, namely the need for tools that not only identify test smells but also provide automated
refactoring support. A particularly noteworthy case is UTRefactor, introduced in one of the most
recent studies (2025), which leverages a LLM to refactor test smells. This approach demonstrates

considerable potential, yet it remains largely underexplored.

4.4 Discussion

This systematic mapping study provides several insights into the current state of test
smell research and outlines potential directions for future investigations. Based on the analysis
of 117 papers published between 2006 and 2025, we identified noteworthy patterns that reveal
limitations in the current body of work while also highlighting promising avenues for further
exploration.

Takeaway 1: The Java Monoculture Problem. Our results clearly indicate the
existence of a Java monoculture within test smell research, as 85 out of the 117 papers focus
exclusively on Java. This fact presents both opportunities and challenges. On one hand, the
emphasis on Java has deepened our understanding of how test smells manifest in this language,

which may also inform insights for similar object-oriented languages. On the other hand, this
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Language Framework Tool Capabilities Availability Papers
C# xUnit XNose Detection Available S99
Java JUnit Better Code Hub (Extension) Detection Unavailable S34
Java JUnit DesigniteJava (Extension) Detection Available  S85
Java JUnit Evosuite extension Detection Unavailable S40
Java JUnit JNose Detection Available S11
Java JUnit JTDog Detection Available  S33
Java JUnit RAIDE Detection and  Awvailable S23, S37
Refactoring
Java JUnit SimilarTestAnalysis Detection Available  S17
Java JUnit SniffTest Detection Available S77
Java JUnit TASTE Detection Unavailable S50
Java JUnit TestComet & Teslo Detection Unavailable S93
Java JUnit TESTLER Detection and  Available S19
Refactoring
Java JUnit TSDETECT Detection Available S79
Java JUnit TSGame Detection Unavailable S97
Java JUnit, TestNG FSE_Ignore_Test Detection Available S43
Java JUnit, TestNG TestHound Detection Available S54
Java Selenium Web- TEDD Detection Available S21
Driver
Java DARTS Detection and  Available S45
Refactoring
Java DFD Detection Available S72
Java DFI Detection Unavailable S80
Java JNose Detection Available S70
Java Unamed Detection Available S1
JavaScript, Chai, Jest STEEL Detection Unavailable S4
Typescript
Python Nose, PyTest, Pysta Detection Unavailable S84
Unittest
Python PyTest PyTest-Smell Detection Available  S14
Python PyTest, Unittest TEMPY Detection Available  S3
Python Unittest PYNOSE Detection Available  S31
Scala ScalaTest SoCRATES Detection Available S13, S48
TTCN-3 TRex Detection and  Available S89, S91
Refactoring
Robot Framework  sonar-ikora-plugin Detection Available  S83
Robot Framework  Ukwikora Detection Available S78
C++,C#,Java  GoogleText, xU- SniffML Detection Available S102
nit, JUnit
Java JUnit UTRefactor’s Detection and  Available S104
Refactoring
Java JUnit Sojourner under Sabotage Detection Available  S106
Java JUnit Viscount Detection Available S111,
S112
Python PyTest PyTeRor Detection Available  S117

Source: prepared by the author.

narrow focus may not accurately reflect real-world software development practices, where

developers commonly employ a variety of languages, each with its own unique characteristics.

A temporal analysis reveals the same trend. Although the use of other programming

languages in test smell research has grown over the years, Java’s dominance has not dimin-
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ished. In fact, its use has steadily increased. Some languages, such as Python, have recently
gained more attention (e.g., eight papers published in 2024 alone). However, other widely used
industrial languages (such as JavaScript, TypeScript, Go, and Rust) remain underrepresented.
This gap between research focus and industry practice may limit the generalizability of current
findings. Therefore, further studies should prioritize underexplored languages to provide a more
comprehensive and representative understanding of test smells.

Takeaway 2: Language Characteristics Influence Test Smell Patterns. Analyzing
test smell categories across languages with different characteristics reveals patterns suggesting
that language design decisions may influence the types of smells that occur most frequently. For
instance, in dynamically typed languages such as Python, TypeScript, and JavaScript, test smells
from the test execution—behavior category appear more often (13.3% for Python, 16.7% for
TypeScript, and 14.3% for JavaScript) compared to statically typed languages like Java, where
the occurrence is lower (6.8%).

Another striking example is TTCN-3, a language specifically designed for writing
tests, in which most test smell occurrences are code-related (72%). Similarly, Python’s permissive
syntax leads to higher proportions of test smells categorized as code-related (30%) and issues in
test steps (31.7%).

These observations reinforce the previous takeaway: expanding research to encom-
pass more diverse programming languages is crucial. Current tools and techniques (mainly
developed for Java) may not accurately capture the nuances or address the unique challenges
presented by other languages.

Takeaway 3: The Criticality Paradox. Another particularly concerning finding
from this systematic mapping study is the disconnect between the test smells most frequently
studied in research and those perceived as most critical in practice. Assertion Roulette and Eager
Test stand out as the most extensively investigated test smells. However, they are generally con-
sidered to exhibit low to moderate criticality with respect to both their impact on maintainability
and developers’ perceived severity. Conversely, Sleepy Test, identified in our results as the most
critical test smell for maintainability, has received far less research attention.

This paradox suggests that future studies should focus more on practically impactful
problems rather than continuing to emphasize well-studied but less severe smells. One possible
explanation for this imbalance is that research has tended to prioritize test smells that are easier to

detect, such as Assertion Roulette, thereby overlooking more complex yet more critical ones like
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Resource Optimism. Redirecting research efforts toward these underexplored, high-impact test
smells would help ensure that future work aligns more closely with real-world testing challenges.

Takeaway 4: Inconsistent Criticality Classifications. A further issue related to
criticality is the substantial disagreement among studies regarding how harmful specific test
smells are, even when assessing the same aspect (such as maintainability). For instance, Eager
Test has been described as both “highly harmful” and “not harmful” in different studies, whereas
Assertion Roulette has been rated anywhere from “irrelevant” to “medium severity.”

These inconsistencies underscore the need for more rigorous and standardized re-
search on the criticality of test smells. Future studies should employ larger sample sizes, adopt
consistent evaluation frameworks, and use quantitative methodologies to improve the reliability
and reproducibility of criticality assessments. Such methodological rigor is essential for building
a more cohesive understanding of how test smells truly affect software quality.

Takeaway 5: The Detection—Refactoring Imbalance. Regarding tools related
to test smells, our study reveals a significant imbalance between detection and refactoring
solutions. While detection tools are abundant (31 identified), refactoring tools are scarce (only
five identified). This disparity is concerning, as it shows that developers receive substantial
support for detecting test smells but limited assistance for effectively addressing them. Bridging
this gap enables developers to complement detection with actionable, automated, and reliable
refactoring solutions.

Takeaway 6: Underutilization of AI-Based Solutions. Artificial intelligence (Al)
has become an increasingly popular research topic in software engineering, yet its application
within the context of test smells remains highly limited. Among all selected studies, only
one (UTRefactor (Gao et al., 2025)) has explored the use of LLMs to automate test smell
refactoring. This work demonstrates the promising potential of Al-driven approaches in this
domain. However, Al remains scarcely adopted when compared to more traditional techniques.
Expanding the use of Al for both detection and refactoring could open new opportunities for
more intelligent and adaptive test smell handling.

Takeaway 7: Limited Multi-Language Support. Our results also highlight the
need for tools that support multiple programming languages. Currently, only a few recent tools
attempt to achieve this. For example, SniffML (Lopes et al., 2024) supports C++, C#, and Java,
representing a significant step toward broader language coverage. Language-agnostic solutions,

such as SniffML, offer a promising approach to promoting inclusiveness and generalizability
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across diverse programming ecosystems in test smell research.

4.5 Threats To Validity

In this section, we describe the threats to validity according to the classification
proposed by Wholin et al. (2000).

Internal validity threats refer to the possibility of attributing the cause of an effect
to a factor when actually a third, unconsidered factor is the actual cause. In the context of our
SMS, this could occur if we incorrectly attribute patterns in test smell research to programming
languages when other factors (such as research community focus, tool availability, or publication
trends) might be the actual cause. To mitigate this threat, we carefully documented our search
strategy and inclusion criteria, and multiple authors reviewed the study selection process to
ensure consistent application of criteria.

Construct validity threats concern whether our measurements adequately represent
the constructs we intend to measure. In our SMS, this relates to whether our search strategy and

nn

classification criteria accurately capture the concepts of "test smells," "programming languages,"
and "test frameworks" as intended. A potential threat is that different papers may define test
smells differently, leading to inconsistent classification. To mitigate this, we conducted a pilot
test with well-known reference works to validate our search string, and we established clear
operational definitions for all key constructs. Additionally, we used consensus among multiple
authors to resolve classification ambiguities.

External validity concerns the extent to which the study results can be generalized
beyond the specific context of our research. In our SMS, this relates to whether our findings about
test smell research patterns can be generalized to the broader software engineering community
or to different time periods. A potential threat is that our search was limited to specific digital
libraries and may not capture all relevant research. Additionally, the temporal scope of our study
(ending in August 2025) may not reflect future trends. To mitigate this, we searched multiple
major digital libraries IEEE Xplore, ACM Digital Library, ScienceDirect, and SpringerLink),
tested our search string iteratively across all databases, and used consensus among all authors
to finalize the search strategy. We also documented our search process transparently to enable
replication and extension.

Conclusion validity concerns whether the statistical tests and evidence adequately

support the conclusions reached in the study. In our SMS, this relates to whether our analysis
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methods and data presentation support the claims we make about patterns in test smell research.
A potential threat is that our descriptive analysis might not provide sufficient evidence for the
conclusions drawn. To mitigate this, we used systematic data extraction procedures, provided
detailed tables and figures to support our findings, and ensured that the extracted data directly
support all conclusions. We also conducted a peer review of the analysis process to ensure

consistency and accuracy.

4.6 Conclusions

In this work, we conducted a systematic mapping study to examine test smells
from the perspective of programming languages. We analyzed 117 papers and extracted data to
address six research questions. These questions focused on identifying which test smells are most
frequently associated with specific programming languages or frameworks, and determining
their prevalence across different contexts. Additionally, we explored which test smells are
language-specific and which occur across multiple languages or frameworks. Our study also
compiled information on refactoring techniques used to address test smells in various languages,
as well as datasets related to test smells in specific languages and test frameworks. We further
investigated the criticality of particular test smells as reported in the literature. Finally, we
gathered information on tools proposed for detecting or managing test smells in different
programming languages or frameworks.

Among the main findings of our work are:

1. Java is the most studied language in the context of test smells, with JUnit being the most
widely used framework.

2. Assertion Roulette and Eager Test are the most frequently cited test smells related to Java
and other languages and frameworks.

3. Unknown Test is the test smell observed in the most diverse set of languages and frame-
works.

4. We identified several language-specific test smells for Java, TTCN-3, and the Robot
Framework.

5. We identified a total of 94 refactorings for 56 different test smells.

6. We identified 16 test smell datasets across four different languages.

7. The test smells classified as most critical are Sleepy Test, Ignored Tests, Resource Optimism,

and Mystery Guest.
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8. A total of 36 tools related to test smells were found, with the majority designed for Java.

This study delivers substantial value to both the research community and industry
practitioners. The comprehensive catalog of languages and test frameworks we present serves
as a strategic foundation for future research, particularly enabling targeted investigations into
less-explored programming environments to address existing knowledge gaps. Furthermore,
our findings provide crucial guidance for developing more generalized approaches to test smell
detection and refactoring that can operate across multiple languages and frameworks simultane-
ously. The criticality analysis we present offers researchers a valuable prioritization framework,
allowing them to concentrate their efforts on the most impactful test smells. Additionally, our
curated collection of datasets and tools serves as a vital benchmark for evaluating existing
approaches and comparing them with novel solutions. Together, these contributions lay a strong

foundation for advancing research in test smell detection and analysis.
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S AROMALIA: A LANGUAGE-INDEPENDENT APPROACH TO DETECT TEST
SMELLS

5.1 Introduction

Implementing tests for software products is essential to ensure software quality,
particularly in agile development environments where practices such as continuous delivery
accelerate the transition from feature ideation to customer deployment (Tran et al., 2021). Testing
can be performed manually by humans or automated through scripts, which enhance repeatability
and reduce effort once implemented (Garousi; Kiigiik, 2018).

However, similar to production code, test code is also susceptible to quality issues
that can lead to additional maintenance effort and costs (Garousi; Kiigiik, 2018). Test engineers
may make suboptimal design decisions when writing test code due to system complexity or
limited experience (Santana et al., 2024), resulting in code that is difficult to read, understand, and
maintain (Junior et al., 2021). These poor design choices are referred to as test smells (Aljedaani
et al., 2021). In recent years, test smells have garnered significant attention due to their negative
impact on testing activities, particularly on test code maintainability (Virginio et al., 2020a;
Bavota et al., 2015; Peruma et al., 2019).

The concept of test smells was first introduced by Deursen er al. (2001), who
proposed an initial catalog of 11 test smells along with corresponding refactorings. Since then,
researchers have identified many additional test smells and refactorings (Meszaros, 2007), as
well as developed tools to automatically detect and refactor them across various programming
languages (Aljedaani et al., 2021). However, most of these studies and tools focus on a small
number of languages, which significantly limits their applicability (Aljedaani et al., 2021).

Similar challenges have been addressed in related fields. Schiewe et al. (2022) devel-
oped a language-independent static code analysis technique using language-agnostic Abstract
Syntax Trees (ASTs), while Ducasse et al. (1999) proposed a language-independent approach
for detecting code duplication. However, existing language-independent approaches for code
smells are not directly applicable to test smells, as test smells are specific to test code and depend
on testing conventions and patterns that general-purpose detectors are not designed to recognize.

To address this gap, we propose AromalLIA, a language-independent approach for
detecting test smells. Our approach is based on the observation that test code typically follows

similar structural patterns across different programming languages, and test smells tend to
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manifest in comparable ways regardless of the language (see examples in Listings 24 and 25).
In our approach, we leverage a language-agnostic Abstract Syntax Tree (LAAST),
similar to Schiewe et al. (2022), from which we extract key information about test code (asser-
tions, annotations, and other relevant elements) and organize it into a unified model that maintains
a consistent structure across different programming languages. We then apply detection rules
to this unified model to identify test smells without directly analyzing the original source code.
Adding support for a new language does not require redefining or reimplementing detection rules,
as these rules remain valid regardless of the language, reducing the effort required to extend our

approach.

I public class MyTestClass {

2 QTest

3 public void testNoChangeWhenAddingZero () {
4 int mysum = 1;

5 assertEquals (1, mysum);

6 mysum += 0;

7 assertEquals (1, mysum);

8 3

9 }

Listing 24 —Duplicate Assert example in Java

I class TestMyClass:

[\

def test_no_change_when_adding_zero():

3 mysum = 1

4 assert mysum ==
5 mysum += 0

6 assert mysum ==

Listing 25 —Duplicate Assert example in Python

To validate our approach, we developed a tool that implements the Aromal.IA
methodology to detect ten test smells widely discussed in the literature (Soares et al., 2023;
Santana et al., 2022; Schifer et al., 2024; Peruma et al., 2020; Peruma; Newman, 2021; Liu;
Yu, 2022; Martins et al., 2024b; Campos et al., 2023b; Fasolino; Tramontana, 2024; Chen et al.,
2023; Kiran et al., 2019), namely: Assertion Roulette, Conditional Test Logic, Duplicate Assert,
Empty Test, Exception Handling, Ignored Test, Magic Number, Redundant Print, Sleepy Test,
and Unknown Test. The tool currently supports C#, Java, Python, JavaScript, and TypeScript.

We then compared our AromalLIA-based tool with existing language-specific test smell detection
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tools for C#, Java, and Python.

For evaluation, we applied all tools to a pre-classified and manually validated dataset
containing 830 test smell samples covering the ten selected test smells. We built this dataset from
test cases extracted from public Java and Python projects on GitHub. To ensure coverage across
all five target languages, we used ChatGPT-40-mini to translate selected test samples between
languages, followed by manual validation to confirm the correct presence or absence of each test
smell.

Our approach demonstrated superior effectiveness compared to language-specific
methods, achieving an overall precision of 97%, a recall of 96%, and an F1-score of 97%. These
results surpassed those of the three existing language-specific smell detection test tools.

The remainder of this paper is organized as follows. Section 5.2 describes the
AromaLIA approach in detail. Section 5.3 outlines the design and execution of our evaluation.
Section 5.5 discusses potential threats to validity. Finally, Section 5.6 summarizes our findings

and outlines directions for future research.

5.2 AromaLIA Approach

To develop our language-independent approach for detecting test smells, we first
examined existing methods (Lambiase et al., 2020; Delplanque et al., 2019; Peruma et al., 2020;
Zhang et al., 2014; Bell et al., 2015; Virginio et al., 2020b; Santana et al., 2020; Bleser et al.,
2019b; Palomba et al., 2018; Koochakzadeh; Garousi, 2010; Greiler et al., 2013a; Greiler et al.,
2013c; Baker et al., 2006; Huo; Clause, 2014; Lopes et al., 2024). As described in Chapter 2,
current tools primarily employ four strategies for test smell detection: metrics, rules or heuristics,
information retrieval, and dynamic tainting. For instance, TSDETECT (Peruma et al., 2020),
one of the most widely used tools in the field (Aljedaani et al., 2021), follows the rules/heuristics
approach. Its detection process involves using the JavaParser ! library to generate the Abstract
Syntax Tree (AST) of the test code, after which detection rules for each test smell are applied
directly to the AST to identify occurrences.

We also reviewed studies in related domains that propose language-independent
techniques, such as code smell detection (Ducasse et al., 1999) and static code analysis (Schiewe
et al., 2022). The work of Schiewe et al. (2022) was particularly influential because, like Peruma

et al. (2020), it relies on AST-based analysis. However, whereas Peruma et al. (2020) use

U https://javaparser.org
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a language-specific AST for Java, Schiewe er al. (2022) employ a language-agnostic AST
(LAAST).

Building on insights from these works and introducing new concepts to address
limitations of existing approaches, we developed our language-independent method for detecting
test smells. Figure 8 illustrates the complete AromaLIA test smell detection process, which
consists of three main steps described below. At the end of this section, we also provide a full

example demonstrating the use of the AromaL.IA approach across all three steps.

Figure 8 — AromaLIA Test Smell Detection Process

4 : 1. Generate LAAST : ’ e b 4 :
Test Code (Language-Agnostic LAAST 2. Generate high-level High-level Test 3. Detect test smells Test Smells

Y ., test data model . Data Model using rules Y

. . Abstract Syntax Tree) . . . . . .

Source: prepared by the author.

5.2.1 First Step: Generate LAAST

The first step involves obtaining the test code and generating its LAAST. In our
implementation, we use the same tool as Schiewe et al. (2022), which generates the LAAST via
Mozilla’s rust-code-analysis crate (Ardito et al., 2020). This tool supports multiple programming
languages, including Java, JavaScript, TypeScript, Python, Go, and Rust, and can be extended to

accommodate additional languages as needed.
5.2.2 Second Step: Generate High-level Test Data Model

The second step involves generating a high-level test data model from the LAAST,
capturing all essential information about the tests required for test smell detection. We introduced
this intermediate step instead of applying detection rules directly to the LAAST because one
of our primary goals is to minimize rework when extending the detector to new programming
languages. Although the LAAST provides a consistent node representation across languages, the
overall tree structure can still vary depending on the language and testing framework. Applying
detection rules directly to the LAAST would therefore require reimplementing the detection
logic for each new language.

To address this, our approach first generates a high-level test data model from the
LAAST. This model is significantly simpler than the full LAAST but retains all relevant metadata

necessary for test smell detection. The model is designed to be language-independent, with no
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elements tied to a specific programming language. Test smell detection rules are then applied
to this high-level model. As a result, adding support for a new language does not require
reimplementing detection logic for existing test smells, substantially reducing development and
maintenance effort.

Listing 26 shows the high-level test data model specification used in this work. The
fields of this model were defined based on the detection rules for the test smells selected for this
study, as detailed in Table 14. The model includes all fields necessary to detect these test smells,
but can be extended to incorporate additional fields for detecting other smells. For example, to
detect an Assertion Roulette, it is sufficient to determine whether a test contains multiple assert
statements and whether at least one lacks an explanatory message. This can be implemented by
counting the number of asserts in the asserts field of the Test entity and iterating through the

list to check whether the message field is missing for any assert.

Table 14 — Test smells and their detection rules

Test Smell Detection Rule

Assertion Roulette A test method contains more than one assertion
statement without an explanation or message pa-
rameter.

Conditional Test Logic A test method that contains one or more control
statements (e.g., conditional expressions, loops).

Duplicate Assert A test method that contains more than one assertion
statement with the same parameters.

Empty Test A test method that does not contain a single exe-
cutable statement.

Exception Handling A test method that contains either a throw state-
ment or a catch clause.

Ignored Test A test method or class that is marked to be ignored
or disabled during test execution.

Magic Number Test An assertion statement that contains a numeric lit-
eral as an argument.

Redundant Print A test method that invokes output or logging state-
ments that are not required for test verification.

Sleepy Test A test method that invokes explicit sleep or delay
operations.

Unknown Test A test method that does not contain a single asser-
tion statement or any explicit expected outcome
specification.

Source: Adapted from Peruma et al. (2020).

This intermediary step clearly distinguishes our approach from existing test smell
detection methods. One key advantage is that the resulting high-level test data model is simple
enough for manual inspection, enabling researchers and developers to easily understand why a

particular test smell was detected. Another benefit is that it significantly simplifies the detection
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algorithms compared to applying rules directly to the AST. This simplification also improves

comprehension of the detection logic for each test smell, as will be illustrated in the next section.

1 interface TestSuiteFull {

2 filePath?: string; // Path to the test file

3 name: string; // Suite name

4 isExclusive: boolean; // Only this sutite runs
isIgnored: boolean; // Suite is skipped

6 tests: {

7 name: string; // Test name

8 isExclusive: boolean; // Only this test runs

9 isIgnored: boolean; // Test 4s skipped

10 startLine: number; // Source start line

11 endLine: number; // Source end line

12 startColumn: number; // Source start column

13 endColumn: number; // Source end column

14 statements: {

15 type: "assignment" | "call" | "condition" | "loop" |

"exceptionHandling" | "exceptionThrowing" | "other";

16 startLine: number;

17 endLine: number;

18 startColumn: number;

19 endColumn: number;

PO 1IN

P1 events: {

p2 name: string;

p3 type: "assert" | "print" | "sleep" | "unknown";

p4 startLine: number;

25 endLine: number;

26 startColumn: number;

R7 endColumn: number;

P8 AN

P9 asserts: {

BO matcher: string;

B1 literalExpected?: string;

B2 literalActual?: string;

B3 message?: string;

B4 startLine: number;

B5 endLine: number;

B6 startColumn: number;

B7 endColumn: number;

B8 1,

B9 LN

40}

Listing 26 —High Level Test Data Model
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5.2.3 Third Step: Detect Test Smells Using Rules

In the third step, detection rules are applied to the high-level test data model to
identify existing test smells. Algorithm 4 present a method for detecting the Duplicate Assert
test smell. This algorithm was derived from the detection rules in Table 14 and the specification
of the high-level test data model shown in Listing 26. The algorithm is simple, as much of the
complexity has been abstracted away in the previous steps. Here, we present only the algorithm
for one of the ten test smells addressed in this work. The full set of algorithms is available in our

replication package.

Algorithm 1 Duplicate Assert detection algorithm

1: function DETECTDUPLICATEASSERT(test)

2 seen < new Set()

3: for each assert in test.asserts do

4 uniqueKey <— assert.literalActual + " " + assert.matcher + " "

+ assert.literalExpected

5 if seen contains uniqueKey then
6: return true
7: end if
8 seen.add(uniqueKey)
9 end for
10: return false

11: end function

5.2.4 Full Example of Implementing and Using the AromalIA Approach

Listing 24 presents an example of the Duplicate Assert test smell in Java. To detect
this smell using the Aromal.IA approach, the first step is to extract the LAAST (Language-
Agnostic Abstract Syntax Tree). This extraction can be performed using the rust-code-analysis
tool. Listing 27 illustrates a representation of the LAAST generated for the Java code by this
tool.

After this step, the process proceeds to extract the high-level test data model from
the LAAST. Listing 28 shows part of an implementation that performs this extraction for Java
tests. While the implementation uses TypeScript, the same approach can be applied in any
programming language. Due to space constraints, many details are omitted. However, the listing
emphasizes the extraction of assert statements, which are critical for detecting the Duplicate

Assert test smell. A key aspect of this implementation is its reliance on Java-specific conventions,
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such as identifying test methods by the presence of the Test modifier and recognizing assert

methods by their assert prefix.

I class_declaration (MyTestClass)

2 |-- modifiers: public

3 |-- class keyword

4 |-- identifier: MyTestClass

5 |-- class_body

6 | -- method_declaration (testNoChangeWhenAddingZero)
7 | -- modifiers

8 | | -- marker_annotation: QTest

9 | | -- public

10 |-- return_type: void

11 |-- identifier: testNoChangeWhenAddingZero

12 |-- formal_parameters: ()

13 |-- block

14

15 |-- expression_statement (ASSERT #1)
16 | | -- method_invocation

17 | | -- identifier: assertEquals
18 | | -- argument_list

19 | |-- 1 (expected)

RO | | -- mysum (actual)

Pl

P2 | -- expression_statement (ASSERT #2)
p3 | -- method_invocation

24 | -- identifier: assertEquals
] | -- argument_list

26 |-- 1 (expected)

7 | -- mysum (actual)

Listing 27 —LAAST for Duplicate Assert example in Java

One important aspect of this approach is its use of helper functions. Because the
LAAST provides nodes that are largely consistent across programming languages (despite minor
differences in tree structure), common tasks in test smell detection can be implemented once and
reused. These tasks include locating nodes representing test method declarations, identifying
method invocations, and finding class declarations, as some testing frameworks use classes
to define test suites. Consequently, the AromalIA approach streamlines and accelerates the
addition of support for new programming languages.

After executing this code, it should generate the high-level test data model, as

illustrated in Listing 27. Once again, many details are omitted due to space constraints.
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I class JavaHighlLevelTestDataModelExtractor {

2 extract (node: LAASTNode): TestSuite[] {

3 const classes = helpers.findAllClassDeclarations(node);
4 return classes.map(classDeclaration => ({

5 //

6 tests: this.extractTests(classDeclaration.node),

7 )

8 }

9 private extractTests(node: LAASTNode): Test[] {

10 const methods = helpers.findAllMethodDeclarations (node);

11 return methods

12 .filter (method => method.modifiers.includes('Test'))
13 .map (method => ({

14 //

15 asserts: this.extractAsserts(method),

16 19D

17 }

18 private extractAsserts(node: LAASTNode): TestAssert[] {
19 const invocations = helpers.findAllMethodInvocations (node);
RO return invocations

R1 .filter(i => i.identifier.startsWith('assert'))

D2 .map(i => this.extractAssertData(i));

P3 3

R4 //

P53}

Listing 28 — Example of High-level Test Data Model Extractor for Java

1 o{

2 "asserts": [

3 {

4 "literalActual": "mysum",
"matcher": "==",

6 "literalExpected": "1", //

7 ,

8

9 "literalActual": "mysum",

10 "matcher": "==",

11 "literalExpected": "1", //

12 }

13 1, //

14 3}

Listing 29 —High Level Test Data Model for the Duplicate Assert example in Java
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The next step in the process is to apply the algorithm presented in Algorithm 4 to
detect the test smell within the high-level test data model. This algorithm can be implemented in
any programming language of choice.

For a similar example in Python, such as the one shown in Listing 25, adding support
for its detection in the existing AromalLIA-based solution requires updating only the second step,
1.e., the extraction of the high-level test data model.

To generate the LAAST for Python, we simply use the rust-code-analysis tool again.
The resulting LAAST is illustrated in Listing 30. It is evident that some nodes, such as the class
node, are common to both the Java and Python examples. However, there are also differences in

the structure of the LAAST for the Python code.

I class_definition (TestMyTestClass)

N

|-- class keyword

3 |-- identifier: TestMyTestClass

4 |-- colon:

5 |-- block

6 |-- function_definition (test_no_change_when_adding_zero)
7 | -- def keyword

8 |-- identifier: test_no_change_when_adding_zero
9 | -- parameters: ()

10 |-- colon:

11 |-- block

12

13 | -- assert_statement (ASSERT #1)

14 | | -- assert keyword

| -- comparison_operator

|

16 | |-- identifier: mysum
| | -- == operator
|

|-- integer: 1

0] -- assert_statement (ASSERT #2)
P1 | -- assert keyword

p2 | -- comparison_operator

3 | -- identifier: mysum

p4 | -- == operator

'] |-- integer: 1

Listing 30 —LAAST for Duplicate Assert example in Python

Listing 31 shows part of the code for a new high-level test data model extractor, this

time for Python. It is worth highlighting that, although this is a new implementation, several
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helper functions from the Java extractor are reused, reducing the need for redundant work.

5.3 AromaLIA Evaluation

This section describes the procedure used to evaluate our approach, including the

research questions that guided the study.

I class PythonHighLevelTestDataModelExtractor {

2 extract (node: LAASTNode): TestSuitel[] {

3 const classes = helpers.findAllClassDefinitions (node);

4 return classes.map(c => ({

5 /7

6 tests: this.extractTests(c),

7 I ODIF

8 1

9 private extractTests(node: LAASTNode): Test[] {

10 const functions = helpers.findAllFunctionDefinitions (node) ;

11 return functions

12 .filter(f => f.identifier.startsWith('test_"'))

13 .map (f => ({

14 //

15 asserts: this.extractAsserts(f),

16 )

17 }

18 private extractAsserts(node: LAASTNode): TestAssert[] {
19 const assertStatements = helpers.findAllAssertStatements (node) ;
0] return assertStatements

R1 .map (assert => this.extractAssertData(assert));

p2 3

P3 //

o4 3

Listing 31 — Example of High-level Test Data Model Extractor for Python

5.3.1 Research Questions

To systematically evaluate the AromalLIA approach, we formulated the following
research questions:

RQi: How effective is AromalIA in detecting test smells compared to existing
language-specific test smell detection tools? This question aims to evaluate the effectiveness of

our approach relative to current language-specific methods. For this comparison, we employ the
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metrics of precision, recall, and F1-score (Chicco; Jurman, 2020).

RQ;: Which programming languages are most challenging for AromaLlIA in detect-
ing test smells? This question focuses exclusively on AromalLIA’s performance across different
programming languages. We compare its effectiveness across languages to identify those that
present the highest detection challenges. In addition to analyzing the metric values for each
language, we also discuss how false positives and false negatives manifest in each case.

RQs3: Which test smells are most challenging for AromalLlIA to detect, both overall
and within specific programming languages? This question investigates which test smells are the
most difficult for AromaLIA to detect across all languages. We also examine how the difficulty
of detecting specific test smells varies by language. Furthermore, we discuss the difficulty of
detecting test smells by category, following the classification used in the test smell catalog
of Soares et al. (2023).

RQy4: How does AromalIA compare to other tools when analyzing multi-language
projects? One of the main advantages of language-independent approaches such as AromaLlIA,
when compared to conventional techniques, is their ability to be applied to multi-language
projects. This research question aims to evaluate the effectiveness of AromaLIA in such contexts,
in comparison with the use of multiple language-specific tools to detect test smells within the

same project.

5.3.2 Steps

To compare our approach with existing methods for detecting test smells, we imple-

mented a tool based on the Aromal.IA detection approach.

5.3.2.1 Implementation of the AromalLIA-Based Detection Tool

We selected the target programming languages, focusing on languages frequently
studied in test smell research with available detection tools, while also incorporating less
commonly explored languages for novelty. Another criterion was compatibility with the rust-
code-analysis tool (Ardito et al., 2020), which we used to generate the LAAST.

Based on these criteria, we selected C#, Java, and Python due to their frequent
appearance in test smell research and the availability of detection tools (Paul er al., 2024;
Virginio et al., 2020b; Santana et al., 2020; Peruma et al., 2020; Fernandes et al., 2022; Wang

et al.,2021), along with JavaScript and TypeScript, which are less commonly studied. For test
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frameworks, we selected xUnit for C#, JUnit for Java, PyTest for Python, and Jest for both
JavaScript and TypeScript.

We prioritized general test smells that occur across multiple programming languages,
are widely discussed in the literature, and are supported by existing detection tools. We selected
ten test smells: Assertion Roulette, Conditional Test Logic, Duplicate Assert, Empty Test,
Exception Handling, Ignored Test, Magic Number, Redundant Print, Sleepy Test, and Unknown
Test. These smells are supported by existing detection tools (Paul ez al., 2024; Peruma et al.,
2020; Bodea, 2022) and have been extensively studied in the selected languages (Campos ef al.,
2023a; Virginio et al., 2019; Bodea, 2022; Wang et al., 2021; Paul et al., 2024). Some, such as
Ignored Test and Sleepy Test, are considered particularly critical due to their negative impact on
test code maintainability (Martins et al., 2024a; Spadini et al., 2020; Schvarcbacher et al., 2019).

We implemented an AromalLIA-based tool capable of detecting the ten selected test
smells across the five chosen languages. The tool is publicly available and open for use and

extension 2.

5.3.2.2  Selection of Language-Specific Detection Tools

We identified tools from the literature that support the selected programming lan-
guages and test frameworks, as well as at least a subset of the chosen test smells. For Java, we
selected TSDETECT (Peruma et al., 2020), a well-known and widely adopted tool (Aljedaani
et al., 2021), which supports a comprehensive set of test smells, including all those selected
for our study. For C#, we chose xNose (Paul et al., 2024), which currently supports a broad
range of test smells. Among these, it covers nine of the test smells we selected, missing only
Exception Handling. For Python, we used PyTest-Smell (Bodea, 2022), which supports a subset
of commonly observed test smells and includes all those relevant to our study. For JavaScript and
TypeScript, we identified the STEEL tool (Jorge et al., 2021). However, no available version or
repository could be found. Consequently, our comparison focuses on the three tools mentioned
above, while we analyze Aromal.IA’s performance on JavaScript and TypeScript separately.

In Section 4.3, we listed SniffML as a tool for detecting test smells that claims to
be language-independent, making it an excellent candidate for comparison with our approach.
However, when we attempted to use SniffML to detect test smells in languages other than Java,

we were unable to do so. We also tried to contact the developer of the tool but did not receive a

2 https://github.com/publiosilva/aromadr
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response. Consequently, SniffML was not included in our comparative evaluation.

5.3.2.3 Preparation of Test Smell Dataset

To establish a ground truth for comparing the detections produced by the tools and
to answer RQ(-RQj3, we constructed a dataset composed of test cases extracted from Java and
Python projects hosted on GitHub. We used search queries targeting Java projects with JUnit
tests and Python projects with pytest tests. The exact queries used to retrieve the test files from
GitHub are provided in our replication package. To ensure a diverse set of test cases across
different scenarios, we did not filter by project. Instead, we searched directly for individual test
files using GitHub’s code search. All selected files are included in our replication package, along
with the URL of the original repository.

The data collection process involved executing search queries on GitHub, manually
reviewing the retrieved files, and identifying occurrences of the ten selected test smells. We
repeated this process until we obtained at least 20 instances of each test smell.

We collected test files from 58 Java projects and 47 Python projects, totaling 105
projects. The resulting dataset comprises 166 test cases, with 84 written in Java and 82 in
Python. To further increase the number of test cases per language, we used ChatGPT-40-mini
to translate Java test cases into Python and vice versa. To evaluate the languages C#, JavaScript,
and TypeScript, we applied the same translation process to convert all test cases into these
languages. Our replication package includes the prompts used to convert code from Java to
Python, Java to C#, Python to Java, and Python to C#. Only the original test cases were translated
using the LLLM, no test case was translated more than once.

After the translation process, we manually validated all generated code. We encoun-
tered minor issues, primarily related to syntax, such as extra characters or formatting problems,
which we corrected. We also performed a manual re-detection of the ten test smells on the
translated code. Most smells were preserved after translation, although some were removed and
others were introduced. These changes do not affect the final results, as the final dataset for each
language (used to compute the evaluation metrics for each tool) was fully manually validated.

Our final dataset comprises 830 test cases across five programming languages.
Table 15 presents detailed statistics for the dataset. The complete dataset is available in our
replication package.

To evaluate the Aromal.IA approach on multi-language projects (RQ4), we selected
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the Apache Beam 3 project. This project is publicly available on GitHub and contains the majority
of its codebase in Java, including tests implemented using the JUnit framework. However, the
repository also includes code written in other languages, such as Python and Go, as well as tests

written in Python using the PyTest framework.

Table 15 — Test smell distribution, number of test files, and LOC statistics by language

Smell / Language Python Java JavaScript TypeScript C#
Assertion Roulette 72 75 77 82 73
Conditional Test Logic 46 45 50 49 44
Duplicate Assert 28 29 28 29 30
Empty Test 23 22 22 22 22
Exception Handling 38 53 45 41 41
Ignored Test 26 23 29 29 23
Magic Number Test 46 47 49 49 47
Redundant Print 35 32 34 34 35
Sleepy Test 30 30 31 31 30
Unknown Test 53 48 53 48 48
Number of Files 166 166 166 166 166
LOC (Min) 4 7 6 7 9
LOC (Max) 95 149 127 127 156
LOC (Mean) 18.4 247 21.0 22.0 26.6

Source: prepared by the author.

5.3.2.4 Execution of Detection Tools on the Dataset

To run xNose, the user must download its source code and execute a command
referencing the C# project solution file. The tool then generates a JSON file containing the
detected test smells. TSDETECT requires preparing a CSV file with all test file paths and related
metadata. This CSV file is provided as a parameter when executing the tool’s . jar file, which
produces another CSV file containing the detection results. For PyTest-Smell, the user installs
the tool via pip and runs a command specifying the folder that contains the test files. The tool
outputs a CSV file with the detected test smells.

Finally, for the Aromal.IA-based tool, the process involves executing two Docker
commands to start a container. Once running, the user accesses a web interface, provides
the GitHub repository URL, and selects the programming language and corresponding test
framework. The tool automatically identifies all test files, highlights detected test smells directly

in the source code, and generates a downloadable JSON report for detailed analysis.

3 https://github.com/apache/beam
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We executed the three language-specific tools only on the files in the dataset written
in the programming language supported by each respective tool. The AromalLIA-based tool, on
the other hand, was evaluated using the entire dataset. All detection results produced by the tools
are available in our replication package.

For the multi-language project, we downloaded the Apache Beam repository and
executed the AromalLIA-based tool, TSDETECT, and PyTest-Smell. We did not include the
xNose tool in this comparison because the Apache Beam project does not contain C# tests. The

detection results produced by each tool are available in our replication package.

5.3.2.5 Comparison and Analysis of Results

We analyzed and compared the results produced by the tools to address our research
questions. To evaluate their effectiveness in detecting test smells, we computed the precision,
recall, and F1-score metrics (Chicco; Jurman, 2020), as each metric captures a different aspect of
performance. To ensure a fair comparison, we calculated these metrics considering only the test
smells supported by each tool. For instance, when evaluating xNose, we excluded the Exception
Handling smell because the tool does not support it. Since the tools were executed on different
datasets, we did not perform direct comparisons among them. Instead, we compared each tool
individually against AromalIA, which was executed on the same dataset as the corresponding
tool. In addition, we analyzed the effectiveness of AromalIA by programming language and by
test smell to identify the main challenges faced by our language-independent approach.

For the comparison on the multi-language project, we did not compute any metrics.
Instead, we compared the number of test smells detected by each tool, both overall and by
test smell. The goal of this comparison is to assess whether the AromaLIA tool is capable of

detecting at least the same number of test smells as the other two tools combined.

5.4 Results and Discussion

In this section, we present and discuss the results of the evaluation of the AromalLIA

approach, described in the previous section.
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5.4.1 RQ;: How effective is AromaLlIA in detecting test smells compared to existing language-

specific test smell detection tools?

In this research question, we aimed to compare the effectiveness of our language-
independent approach with existing language-specific approaches. To address this objective,
we computed precision, recall, and F1-score for all tools, considering only the ten selected test
smells. As mentioned previously, when comparing with xNose, we excluded the Exception
Handling test smell, since this tool does not support its detection and would therefore yield a
metric value of zero.

Table 16 reports the values of the three metrics for each tool. As shown in the table,
the AromalLIA-based tool achieved the highest scores across all metrics, with each exceeding
95%. These high precision and recall values indicate that our approach detects test smells with a
very low rate of both false positives and false negatives. This observation is further supported
by Table 17, which presents the confusion matrices for all tools, including true positives, false
positives, true negatives, and false negatives.

In other words, AromaLIA correctly identifies nearly all instances of test smells
while rarely misclassifying clean test code as smelly. This strong performance holds both for the

overall results and for the results obtained per programming language.

Table 16 — Precision, Recall, and F1-score for all test smell detection tools

Tool Precision Recall F1-score
AromaLIA overall 97.9% 96.9% 97.4%
AromaLIA C# 97.9% 97.2% 97.6%
AromaLIA Java 97.3% 98.5% 97.9%
AromaLIA Python 98.5% 96.5%  97.5%
AromaLIA JavaScript 98.3% 971%  97.7%
AromaLIA TypeScript 97.8% 952%  96.5%
pytest-smell 82.6% 14.4%  24.5%
tsdetect 73.5% 83.9% 78.4%
xNose 83.0% 86.1% 84.5%

Source: prepared by the author.

Considering the F1-score, the xNose tool ranks second. Similar to the AromalLIA-
based tool, xNose achieved strong precision and recall values, indicating that it is relatively robust
to both false negatives and false positives. The TSDETECT tool follows, also exhibiting solid
recall and F1-score values. However, its slightly lower precision suggests a higher susceptibility

to false positives.

Finally, the PyTest-Smell tool achieved the lowest F1-score. Interestingly, it attained
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a relatively high precision value, indicating that it produces few false positives. This outcome,
however, is attributable to its very low recall, which shows that the tool fails to detect the majority

of test smell occurrences.

Table 17 — Confusion matrices for all test smell detection tools

Tool TP FP TN FN
AromaLIA overall 1,963 41 6,233 63
AromaLIA C# 382 8 1,259 11
AromalLlIA Java 398 11 1,245 6
AromaLIA Python 383 6 1,257 14
AromaLIA JavaScript 406 7 1,235 12
AromaLIA TypeScript 394 9 1,237 20
pytest-smell 57 12 1,251 340
tsdetect 339 122 1,134 65
xNose 303 62 1,080 49

Source: prepared by the author.

Figure 9 compares the F1-score of AromalLIA with those of the other three tools,
including their 95% confidence intervals. The AromaLIA F1-score values shown in the figure
correspond to the programming language of the tool being compared (for example, when
comparing with xNose, we report the AromalLLIA F1-score for C#). As illustrated in the figure,
the confidence interval for the Aromal.IA-based tool is very narrow, indicating high reliability
and stability of its metric values. In contrast, the other tools exhibit wider confidence intervals
(particularly PyTest-Smell) suggesting greater variability in their detection performance.

We computed the bootstrap confidence intervals using the percentile method with
1,000 bootstrap iterations (Diciccio; Romano, 1988). When comparing tools, non-overlapping
95% confidence intervals indicate a statistically significant difference between results, whereas
overlapping intervals do not allow us to conclude whether the difference is statistically signif-
icant (Cumming; Finch, 2005). As shown in Figure 9, the confidence intervals of Aromal.IA
do not overlap with those of the other tools, indicating a statistically significant difference in
performance in favor of AromalLIA, and demonstrating that it outperforms the other approaches.

It is worth to mention, however, that while our tool supports 10 test smells, the
xNose and TSDETECT tools support 16 and 19, respectively, which is a larger number. This
also implies that if our AromalLIA-based tool were used on datasets containing test smells
supported by those tools but not by ours, its detection effectiveness for those smells would be
zero. Nevertheless, within the scope of this study, we focused on the 10 test smells previously

mentioned and demonstrated that our Aromal.IA-based tool performs effectively for all of them.
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Figure 9 — Comparison of F1-Score for each tool (95% CI)
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Understanding how our approach would behave in the presence of other test smells requires

further investigation.

Answer to RQ;: The Aromal.IA-based tool outperforms all language-specific tools,
achieving precision, recall, and F1-score values above 95%. Moreover, it demonstrates

a strong balance between precision and recall, indicating that it produces very few false

positives and false negatives simultaneously.

5.4.2 RQ,: Which programming languages are most challenging for AromalLIA in detecting

test smells?

To answer this research question, we analyzed the results of the Aromal.IA-based
tool across the five programming languages included in our dataset (i.e., Java, C#, Python,
JavaScript, and TypeScript). Figure 10 presents the F1-score of the AromalLIA-based tool for
each language. As shown in the figure, the differences among the metrics are minimal, varying

only in decimal digits. The languages Java, C#, and JavaScript achieved the highest F1-scores,
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followed by Python, while TypeScript obtained the lowest score.

Figure 10 — AromaLIA Fl-score by Programming Language (95% CI)
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These results indicate that the detection performance of the AromaLIA-based tool
does not vary significantly across different programming languages, which is consistent with
its design as a language-independent approach for detecting test smells. Certain language-
specific features that the second step of the AromaLIA detection process (the only step that deals
with language-specific constructs) may not fully address, likely cause the minimal observed

differences. We discuss these particularities in more detail in the answer to RQ3.

Answer to RQ,: The language where the Aromal.IA-based tool achieved the lowest
F1-Score was TypeScript. Nevertheless, its overall performance remained strong and
comparable to the other languages. Our approach demonstrates consistent effectiveness
across all programming languages. As expected from its language-independent design,

the variation in detection performance across languages is minimal.
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5.4.3 RQ3: Which test smells are most challenging for AromaLIA to detect, both overall and

within specific programming languages?

To address this research question, we analyzed the effectiveness of the Aromal.IA-
based tool in detecting each of the ten selected test smells, examining its overall performance
across all programming languages and conducting a per-language analysis.

Figure 11 presents the F1-scores of the AromalLIA-based tool for each test smell
across all languages. Our approach successfully detected all instances of the Ignored Test smell
in every language, achieving a perfect F1 Score of 100%. The tool experienced greater difficulty
in detecting three specific test smells: Magic Number Test, Duplicate Assert, and Conditional
Test Logic. However, because the corresponding confidence intervals overlap, it is not possible to
conclude that the observed differences in F1-scores are statistically significant. Detailed values

for each test smell are provided in our replication package.

Figure 11 — AromaLIA F1-score by Test Smell (95% CI)
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The difficulties observed in detecting the Magic Number Test and Conditional Test
Logic smells may be related to the fact that their detection rules often need to handle code
structures that vary significantly across programming languages.

For instance, detecting the Conditional Test Logic smell requires identifying condi-

tional constructs in test code (such as if, while, or for loops). Some languages even provide
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multiple types of conditional constructs. For example, JavaScript and TypeScript both include
several types of for loops, including the for. . . of loop. In several TypeScript test cases where
the AromalLIA-based tool failed to detect the Conditional Test Logic smell, we found that the
cause for this issue was the presence of a for. . . of loop, which the tool did not correctly map.
We plan to address this issue in future versions of the tool. This limitation contributed to the
lower F1-score observed for TypeScript. In contrast, when analyzing the equivalent JavaScript
test cases, the code used conventional for loops, which the tool successfully handled.

A similar situation occurs with the Magic Number Test smell. Its detection rule
involves identifying literal numbers used in assertions, but its manifestation can vary across
languages. For example, in Python’s PyTest framework, an assertion can check the equality
between two numbers within a tolerance range using the approx function, which takes the
number as a parameter. In such cases, a number appears in the assertion (thus characterizing a
Magic Number Test), but it is passed as a parameter to a helper function and not used directly. In
some of the analyzed cases, the AromalLIA-based tool failed to identify this smell due to this
indirect usage pattern.

Regarding the Duplicate Assert smell, its detection rule focuses on identifying
assertions within test code that have identical parameters. Detection errors for this smell
originated from an issue in rust-code-analysis, the tool responsible for generating the language-
agnostic AST. Occasionally, this tool omits string values from the AST for some languages,
replacing them with empty strings. Depending on how the assertions are structured, this can lead
to high-level test data representations that incorrectly appear to contain Duplicate Asserts. We
have reported this issue in the official repository of the rust-code-analysis project. Once it is
solved, we will update the AromalLIA-based tool accordingly to improve detection accuracy.

We also analyzed the difficulty in detecting test smells according to their categories.
The catalog proposed by Soares et al. (2023) classifies test smells into five categories, as shown
in Table 18. Two belong to the Test semantic — logic category, five to the Code-related category,
two to the Test execution category, one to the Issues in test steps category, and one to the
Design-related category.

Figure 12 presents the F1-scores of the Aromal.IA-based tool by category. The two
categories with the lowest values are Test semantic - logic and Code-related, which aligns with
the three test smells with the lowest Fl-scores: Conditional Test Logic (under Test semantic

- logic), and Duplicate Assert and Magic Number Test (under Code-related). The confidence
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Table 18 — Test Smells Categories

Category Test Smell

Test semantic — logic Assertion Roulette
Test semantic — logic Conditional Test Logic
Code related Duplicate Assert
Code related Empty Test

Code related Ignored Test

Code related Magic Number Test
Test execution — behavior Redundant Print
Test execution — behavior Sleepy Test

Issues in test steps Exception Handling
Design related Unknown Test

Source: prepared by the author.

interval for the Test semantic - logic category is the widest, which can be attributed to this
category including one smell with lower detection effectiveness (Conditional Test Logic) and

another where our tool performed very well (Assertion Roulette).

Figure 12 — AromaLIA F1-score by Smell Category (95% CI)
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Finally, we analyzed the relationship between programming languages and test smells
with respect to the effectiveness of the AromalLIA-based tool. Figure 13 presents a heatmap
illustrating this relationship. The Magic Number Test, Duplicate Assert, and Conditional Test
Logic smells are the most challenging to detect across most of the five languages. The remaining
seven test smells exhibit more consistent detection effectiveness across all languages. Even for

the three more difficult smells, the differences in F1-score are minimal (only a few decimal



86

digits), highlighting the overall stability and robustness of the Aromal.IA-based tool in accurately

1.000
I 0.975

-0.950

detecting test smells across all five languages.

Figure 13 — Heatmap of AromaLIA F1-score by Test Smell and Language
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Answer to RQj3: The three test smells that were most difficult for the Aromal.IA-
based tool to detect, based on the F1-score values, were Magic Number Test, Duplicate
Assert, and Conditional Test Logic. However, the differences in the metric values were
minimal, indicating the robustness and stability of the Aromal.IA-based tool’s detection

performance.

5.4.4 RQ,: How does AromalIA compare to other tools when analyzing multi-language

projects?

To answer this research question, we executed the AromalLIA-based tool, TSDE-
TECT, and PyTest-Smell to detect test smells in the Apache Beam project. We then computed the
number of test smell instances detected by each tool. For this comparison, we only considered the
10 test smells analyzed in this work, which are the same test smells used for the previous research

questions. TSDETECT was applied to detect test smells in the Java/JUnit tests, PyTest-Smell
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was applied to the Python/PyTest tests, and the Aromal.IA-based tool was applied to detect test
smells across both languages in the project.

Figure 14 shows the comparison between the total number of test smells found by the
AromaLIA-based tool and TSDETECT on the Java/JUnit tests of the Apache Beam project. Both
tools detected a substantial number of test smells; however, the Aromal.IA-based tool identified
over 1,200 more instances than TSDETECT. It is important to note that in this comparison, we
do not account for the test smells detected by TSDETECT that the AromalLIA-based tool cannot
detect. Thus, considering all the test smells supported by TSDETECT, it detects a higher total
number of test smells. Nevertheless, when focusing only on the 10 test smells analyzed in this

work, the AromalL.IA-based tool detected more instances than TSDETECT.

Figure 14 — Overall Test Smell Detection Comparison (AromaLIA vs TSDETECT)
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Figure 15 shows the same comparison, this time between the Aromal.IA-based tool
and the PyTest-Smell tool. As shown in the figure, the difference in the number of detected
test smells is substantial. While the AromalLIA-based tool identified 1,270 instances of test
smells, the PyTest-Smell tool detected only 39 instances. This result aligns with the findings
from the other research questions, which demonstrated that the effectiveness of PyTest-Smell is

significantly lower than that of the AromalLIA-based tool.

Figure 15 — Overall Test Smell Detection Comparison (AromaLIA vs PyTest-Smell)
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Table 19 presents the counts of test smells detected by each tool, broken down by
test smell type. Although the Aromal.IA-based tool achieved a higher total number of detected
test smells in the Java tests of the Apache Beam project compared to TSDETECT, for certain test

smells (namely Exception Handling, Ignored Test, and Magic Number Test)TSDETECT detected
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more instances than Aromal.IA. The largest difference was observed for Magic Number Test.
However, as discussed in the answer to RQj3, this test smell is one of the more challenging for
the AromalLIA-based tool to detect relative to the other nine test smells. It is also important to
note that in our previous comparison for RQ1, the precision of TSDETECT was lower than that
of the AromaLLIA-based tool, suggesting that some instances detected by TSDETECT may be
false positives.

Regarding the comparison between the Aromal.IA-based tool and PyTest-Smell, the
table shows that AromalLIA detected more instances for all ten test smells considered, with some

differences being substantial, for example, in Unknown Test.

Table 19 — Test Smell Counts Per Test Smell on Apache Beam

Test Smell AromaLIA Java AromaLlIA Python PyTest-Smell TSDETECT
Assertion Roulette 16,542 46 18 4,064
Conditional Test 2,422 242 13 1,044
Duplicate Assert 1,488 17 1 634
Empty Test 21 0 0 9
Exception Handling 797 24 3 6,036
Ignored Test 59 0 0 193
Magic Number Test 2,585 26 4 12,924
Redundant Print 25 1 0 25
Sleepy Test 98 1 0 59
Unknown Test 6,452 913 0 4,297
Overall 30,489 1,270 39 29,285

Source: prepared by the author.

When considering both languages together, the Aromal.IA-based tool detected
approximately 2,500 more instances than the other two tools combined, demonstrating its
effectiveness in multi-language projects. In this comparison, we only considered Java and Python
and compared Aromal.IA with TSDETECT and PyTest-Smell. Future work could extend this

comparison by including additional tools for other programming languages.

Answer to RQ4: The Aromal.IA-based tool detected more test smell instances in a
multi-language project than two language-specific tools applied separately on the same

project.

5.5 Threats to Validity

Internal Validity: To validate the test smell detection solutions analyzed in this

study, we randomly selected test cases from public projects on GitHub. We also employed
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ChatGPT-40-mini to translate these samples, thereby constructing a dataset that includes test
cases in all five programming languages considered in our work. Although all samples were
manually validated, this process may introduce bias due to subjective interpretation of test smell
definitions, particularly in ambiguous cases. To mitigate this threat, ambiguous instances were
discussed among the authors to reach a consensus.

Construct Validity: A potential threat concerns our binary approach to labeling
test instances with respect to the presence of a test smell (i.e., whether a smell exists or not).
We did not account for the number of occurrences of each test smell within a test case, which
could provide additional insights and a more fine-grained evaluation. As future work, we plan to
investigate Aromal.IA’s capability to detect test smells while also quantifying their occurrences.

External Validity: Although this study covers a broader set of programming lan-
guages compared to most prior works on test smell detection, the performance of Aromal.IA
should be further evaluated in languages beyond the five included here. Moreover, our evaluation
considered only one testing framework per language, while many languages support multiple
frameworks with distinct characteristics. Future studies should therefore assess Aromal.IA’s
effectiveness across different frameworks and additional programming languages to enhance
generalizability. Furthermore, for the multi-language project comparison, future work should
include additional languages and a broader set of tools to compare with the AromalLIA-based
tool, which would further strengthen the generalizability of the results.

Conclusion Validity: One limitation of our comparative analysis is that not all
evaluated tools support the same set of test smells. To address this, we calculated and compared
metrics only for the smells supported by each respective tool. Another concern is the lack of
available tools for JavaScript and TypeScript, which prevented us from including these languages
in our comparison. Expanding the study to include such tools in future work would provide a

more comprehensive evaluation of AromalLIA’s performance across languages.

5.6 Conclusion

In recent years, several studies have addressed the detection of test smells. However,
most existing approaches are language-specific. In this work, we propose AromaLIA, a language-
independent approach for detecting test smells. We validated our approach by developing an
AromaLIA-based tool and comparing it with existing test smell detection tools for C#, Java,

and Python. The effectiveness of the tools was evaluated using a manually validated, pre-
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classified dataset containing 830 instances of test code encompassing 10 types of test smells.
The Aromal.IA-based tool achieved a precision of 97%, a recall of 96%, and an F1-score of
97%, outperforming all language-specific tools. Our approach lays the foundation for test
smell detection solutions that are more reusable and broadly applicable, thereby facilitating the

integration of new languages.
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6 AROMADR: A LANGUAGE-INDEPENDENT TOOL FOR DETECTING TEST
SMELLS

In this chapter, we present a tool named AromaDr, which implements the Aromal.IA
approach for detecting ten test smells across five different programming languages. The chapter
is organized as follows. Section 6.1 provides the context and introduces the study. Section 6.2
describes the implementation of AromaDr, including its architecture and supported features.
Section 6.3 illustrates a practical example of how the tool can be used. Section 6.4 presents
a comparison between AromaDr and existing tools, highlighting its strengths and limitations.
Finally, Section 6.5 concludes the chapter by summarizing the main contributions and outlining

directions for future improvement.

6.1 Introduction

Ensuring the quality of developed software is essential for the success of any software
project (Peruma et al., 2020). One of the primary approaches to achieving this is software
testing (Tran et al., 2021). Testing can be performed manually or by automation (Garousi;
Kiiciik, 2018). Automated tests offer significant advantages, including ease of execution and the
ability to reproduce results consistently (Garousi; Kiiciik, 2018).

However, when using automated tests, it is equally important to assess the quality of
the test code to ensure its continued usefulness over time (Tran et al., 2021). The significance of
maintaining high-quality test code is underscored by the fact that developers spend approximately
one-quarter of their time writing tests (Beller et al., 2015). Therefore, ensuring test quality is
crucial to avoid unnecessary costs and additional development effort (Garousi; Kiigiik, 2018).

One of the key factors that can hinder the quality of test code is the presence of test
smells (Panichella et al., 2022). Test smells are poor design choices made during the development
of test code (Aljedaani et al., 2021). These suboptimal practices result in test code that is more
difficult to read, maintain, and evolve (Junior et al., 2021). Test smells may arise due to the
inherent complexity of the system or the limited experience of the developers (Santana et al.,
2024).

This topic has gained increasing relevance in recent years, with numerous studies
exploring it and proposing tools to detect and refactor test smells (Paul et al., 2024; Virginio et
al., 2020a; Santana et al., 2024; Peruma et al., 2020; Bodea, 2022; Wang et al., 2021). Such

tools are essential, as manual detection and refactoring of test smells are often impractical in
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large-scale software systems (Santana et al., 2020).

However, most existing tools are language-specific, which makes it challenging to
support additional programming languages in the context of test smell detection (Aljedaani
et al., 2021). To address this limitation, we proposed a language-independent approach for
detecting test smells in a previous study (Silva et al., 2024). In that work, we did not develop
a fully functional tool to implement the approach but rather presented a proof of concept
demonstrating the detection of two test smells (Assertion Roulette and Duplicate Assert) in a
language-independent manner.

In this context, we present AromaDr, a tool designed to detect test smells in a
language-independent manner. The tool supports the detection of ten test smells: Assertion
Roulette, Conditional Test Logic, Duplicate Assert, Empty Test, Exception Handling, Ignored Test,
Magic Number, Redundant Print, Sleepy Test, and Unknown Test. AromaDr currently enables test
smell detection across five programming languages: C#, Java, JavaScript, TypeScript, and Python.
Since it is based on a language-independent approach, the detection logic was implemented once
and applied uniformly across all supported languages. To the best of our knowledge, AromaDr is
the test smell detection tool that supports the largest number of programming languages to date.

Beyond being language-independent (which makes it easier to add support for new
programming languages) AromaDr offers several additional advantages over existing tools: (i)
it provides a graphical user interface, whereas most existing tools are console-based; (ii) it
identifies the exact line in the source code where the smell occurs; and (iii) it can be easily

integrated with other tools, as it exposes an API specifically designed for this purpose.

6.2 AromaDr Tool

The AromaDr tool implements a language-independent approach for detecting test
smells, as proposed in our previous work (Silva et al., 2024). To ensure broad usability and avoid
dependency on specific development environments, we developed AromaDr as a stand-alone
application rather than integrating it into existing IDEs (Integrated Development Environments).
This design choice was made considering the impracticality of implementing the tool across
multiple platforms, each with its own constraints and architectures.

The tool was built using a combination of modern technologies. The front-end was
developed using the React web framework. For the back-end, we employed Node.js, TypeScript,

and the Express framework.
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To maximize portability, AromaDr is distributed as a containerized application. As a
result, the only prerequisite for using the tool is having Docker installed. The setup process is
straightforward and requires only two terminal commands to launch the container. Once running,
the application serves a web interface that allows users to interact with the tool. Additionally,
a REST API is made available, enabling integration with third-party applications via HTTP
requests.

AromaDr offers two primary modes of use. In the first mode, users can paste the
source code of an individual test file into the interface to analyze and identify any present test
smells. In the second mode, users can input the URL of a public GitHub repository. The tool will
then scan the entire repository to locate test files and analyze each one for potential test smells.

Currently, AromaDr supports five programming languages, each paired with a
commonly used test framework: C# with xUnit, Java with JUnit, JavaScript or TypeScript with
Jest, and Python with PyTest. The tool is capable of detecting ten types of test smells, namely:
Assertion Roulette, Conditional Test Logic, Duplicate Assert, Empty Test, Exception Handling,
Ignored Test, Magic Number, Redundant Print, Sleepy Test, and Unknown Test.

Figure 16 illustrates the architecture of AromaDr. The system consists of three main
components: the AromaDr Web App, the AromaDr API, and the rust-code-analysis API, a
third-party tool used to extract a LAAST from the test code. AromaDr supports two modes of
operation: file mode and project mode. In file mode, the tool can begin detecting test smells
immediately, as the test code is already provided. In project mode, however, the process involves
additional steps. First, the source code must be downloaded from the repository, and the test files
must be identified. These steps are handled by the Repository Downloader and Test File Detector
components (as shown in Figure 16). Once these steps are complete, the test smell detection
process can begin.

The first step in the test smell detection process is to extract a LAAST from the test
code (LAAST Generator in Figure 16). To achieve this, we utilize Mozilla’s rust-code-analysis
crate (Ardito et al., 2020). Since this tool requires the programming language of the source
code to be specified in advance, we prompt the user to indicate both the language and the testing
framework used in the test code.

As AromaDr depends on rust-code-analysis to extract the LAAST, its support for
programming languages is currently limited to those supported by the tool. These include

C++, C#, CSS, Go, HTML, Java, JavaScript, JavaScript (Firefox internals), Python, Rust, and
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Figure 16 — AromaDr architecture
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TypeScript. However, since rust-code analysis is extensible, it is possible to incorporate support
for additional languages, which, in turn, would expand the scope of languages that AromaDr can
analyze.

The second step involves extracting relevant information from the LAAST and
converting it into a standardized, language-independent format (Test Data Extractor in Figure 16).
This structured data serves as the foundation for subsequent test smell detection. The extracted
data includes, but is not limited to: the names of individual test cases, the assertions within each
test, the expected and actual values in assertions, explanatory messages, and other syntactic or
semantic elements that can inform the presence of test smells. The complete data model derived
from the LAAST is presented in Listing 32.

In the third step, the tool utilizes the test data extracted in the previous step to
identify the presence of test smells (Test Smell Detector in Figure 16). The detection logic for
each of the ten supported test smells is entirely language-independent, as it operates solely on
the standardized data model produced during the previous stage. Since this model abstracts
away language-specific syntax, the test smell detection algorithms can be implemented in any
programming language without requiring adaptation for individual source languages.

Assertion Roulette. Algorithm 2 outlines the procedure for detecting the Assertion

Roulette test smell. This smell is identified when the following two conditions are met: (1) a test
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contains more than one assertion, and (2) at least one of these assertions lacks an explanatory

message (Peruma et al., 2020).

1 interface Test {

2 asserts: {

3 literalActual?: string;

4 matcher: string;

5 literalExpected?: string;

6 message?: string;

7 startLine: number;

8 endLine: number;

9 startColumn: number;

10 endColumn: number;

11 Y 0;

12 endLine: number;

13 events: {

14 endLine: number;

15 name: string;

16 startLine: number;

17 type: 'assert' | 'print' | 'sleep' | 'unknown';

18 startColumn: number;

19 endColumn: number;

PO Y 0;

Rl isExclusive: boolean;

R2 isIgnored: boolean;

P3 name: string;

P4 startLine: number;

RS startColumn: number;

R6 statements: {

7 type: 'assignment' | 'call' | 'condition' 'exceptionHandling' |
'exceptionThrowing' | 'loop' | 'other';

P8 startLine: number;

29 endLine: number;

B0 startColumn: number;

B1 endColumn: number;

B2 } s

B3 endColumn: number;

B4}

Listing 32 — Test data model extract in the second step of the AromaDr test smell detection
process

Using the test data model presented in Listing 32, this detection can be performed by
evaluating whether the asserts list associated with a test contains more than one element, and

whether at least one of these elements has an empty explanationMessage field.
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Algorithm 2 Assertion Roulette detection algorithm

1: function DETECTASSERTIONROULETTE(test)

2 hasMoreThanOneAssert <— length of test.asserts > 1
3 hasSomeAssertWithoutMessage <— False

4 for each assert in test.asserts do

5: if assert.message is empty then
6

7

8

9

hasSomeAssertWithoutMessage < True
break
end if
end for
10: return hasMoreThanOneAssert and hasSomeAssertWithoutMessage
11: end function

Conditional Test Logic. Algorithm 3 illustrates the process for detecting the Condi-
tional Test Logic test smell. This smell is present when a test contains one or more control flow
statements, such as conditionals (e.g., if, switch) or loops (e.g., for, while) (Peruma et al.,
2020).

In the test data model shown in Listing 32, a parameter named statements captures
the different types of code statements found within a test. These include assignments, function
or method calls, and control structures such as conditionals and loops. To detect the Conditional
Test Logic smell, the algorithm inspects the statements list and checks whether it contains at

least one element of type condition or loop.

Algorithm 3 Conditional Test Logic detection algorithm

1: function DETECTCONDITIONALTESTLOGIC(test)
2 for each statement in test.statements do

3 if statement.type is condition or loop then
4: return True

5: end if
6

7
8:

end for
return False
end function

Duplicate Assert. Algorithm 4 describes the process for detecting the Duplicate
Assert test smell. This smell occurs when the same assertion (defined by identical parameters) is
repeated multiple times within a single test case (Peruma et al., 2020).

Using the test data model introduced in Listing 32, detection can be performed by
generating a unique string representation for each assertion. This string is formed by concate-
nating the assertion’s key attributes: the actual value, the expected value, and the assertion

matcher (e.g., equals, greaterThan, lessThan). Once these strings are created for all asser-
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tions in a test, the algorithm checks for duplicates. The presence of any repeated strings indicates

that one or more assertions are duplicated within the test.

Algorithm 4 Duplicate Assert detection algorithm

1: function DETECTDUPLICATEASSERT(test)

2 seen <— new Set ()

3: for each assert in test.asserts do

4 uniqueKey < assert.literalActual + " " + assert.matcher + " "

+ assert.literalExpected

5: if seen contains uniqueKey then
6: return true
7: end if
8: seen.add(uniqueKey)
9: end for
10: return false

11: end function

Empty Test. Algorithm 5 presents the procedure for detecting the Empty Test smell.
This smell is characterized by the complete absence of executable statements within a test
case (Peruma et al., 2020).

Using the test data model described in Listing 32, detection is straightforward: the
algorithm simply checks whether the statements list (representing all statements present in
the test) is empty. If the list contains no elements, the test is considered empty and flagged

accordingly.

Algorithm 5 Empty Test detection algorithm

1: function DETECTEMPTYTEST(test)
2 if test.statements is empty then

3 return True

4: end if
5
6:

return False
end function

Exception Handling. Algorithm 6 outlines the procedure for detecting the Excep-
tion Handling test smell. This smell occurs when a test method includes explicit exception
management, such as throw or catch clauses (Peruma et al., 2020).

In the test data model introduced in Listing 32, each test includes a statements
list representing all types of statements present in its body. This list may contain elements of
type exceptionHandling (representing catch blocks) and exceptionThrowing (representing

throw statements). To detect this smell, the algorithm checks whether the statements list
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contains at least one element of either type. If so, the test is flagged as containing exception

handling logic.

Algorithm 6 Exception Handling detection algorithm

1: function DETECTEXCEPTIONHANDLING(test)

2 for each statement in test.statements do

3 if statement.type is exceptionHandling or exceptionThrowing then
4 return True

5: end if
6

7
8:

end for
return False
end function

Ignored Test. Algorithm 7 outlines the process for detecting the Ignored Test test
smell. This smell occurs when a test is deliberately skipped during execution, often due to the
presence of a command that prevents the test from running (Peruma et al., 2020).

The detection process is based on identifying such a command in the test code.
Since the mechanism for skipping tests can vary across different programming languages, in
the previous step we analyze the LAAST of the test code to check for the presence of any
skip command. If found, the isIgnored parameter in the test data model (Listing 32) is set to
true. Therefore, the algorithm to detect this smell is simple: it checks whether the isIgnored

parameter is set to true.

Algorithm 7 Ignored Test detection algorithm

1: function DETECTIGNOREDTEST(test)
2: return test.isIgnored
3: end function

Magic Number Test. Algorithm 8 outlines the procedure for detecting the Magic
Number Test test smell. This smell occurs when one or more assertions in the test contain
numeric literals (Peruma et al., 2020), also known as “magic numbers.”

Using the test data model derived in the previous step (Listing 32), the algo-
rithm iterates over the list of assertions and checks whether either the 1iteralActual or
literalExpected parameters contain numeric literals. If either of these parameters is identified
as a numeric literal, the test is flagged as having a Magic Number Test smell.

Redundant Print. Algorithm 9 outlines the process for detecting the Redundant

Print test smell. This smell occurs when a test contains one or more unnecessary print
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Algorithm 8 Magic Number Test detection algorithm

1: function DETECTMAGICNUMBERTEST(test)

2 if length of test.asserts > 1 then

3 for each assert in test.asserts do

4 if ISNUMERIC(assert.literal Actual) or ISNUMERIC(assert.literalExpected) then
5: return True
6

7

8

end if
end for
end if
9: return False
10: end function

statements (Peruma et al., 2020).

The detection process varies depending on the programming language used in the
test. To address this, the test data model generated in the previous step (Listing 32) includes
a parameter called events, which represents a list of all events occurring within the test code.
These events may include function or method calls, with common event types (such as assertion
events) explicitly categorized. Any unrecognized events are classified as unknown. One of the
event types explicitly identified is the print event. Therefore, to detect the Redundant Print test
smell, the algorithm simply checks whether the list of events contains at least one event of type

print.

Algorithm 9 Redundant Print detection algorithm

1: function DETECTREDUNDANTPRINT(test)
2 for each event in test.events do

3 if event = "print" then

4: return true

5: end if
6

7
8:

end for
return false
end function

Sleepy Test. Algorithm 10 outlines the process for detecting the Sleepy Test test
smell. This smell is identified when a test includes a wait or sleep command, which introduces
unnecessary delays in the test execution (Peruma et al., 2020).

As part of the data model returned in the previous step (Listing 32), events are
classified into various types. One of these explicitly classified event types is sleep. Therefore,
to detect the Sleepy Test test smell, the algorithm simply checks whether there is at least one

event of type sleep in the list of events.
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Algorithm 10 Sleepy Test detection algorithm

1: function DETECTSLEEPYTEST(test)
2 for each event in test.events do

3 if event = "sleep" then

4. return true

5: end if
6

7
8:

end for
return false
end function

Unknown Test. Algorithm 11 outlines the procedure for detecting the Unknown Test
test smell. This smell occurs when a test contains no assertions (Peruma et al., 2020).

Detecting this test smell using the test data model derived in the previous step
(Listing 32) is straightforward. The algorithm simply checks whether the list of assertions is

empty. If it is, the test is flagged as an Unknown Test.

Algorithm 11 Unknown Test detection algorithm

1: function DETECTUNKNOWNTEST(test)
2: if length of test.asserts = 0 then

3: return True
4: end if
5: return False

6: end function

6.3 Example of Use

This section presents a usage example of the AromaDr tool. To begin, the user must
first download the source code from the public GitHub repository (Silva et al., 2025). Next, the
user must execute two Docker commands (Docker must be installed and running), as described
in the README . md file within the repository. Once the container is running, the user can access
the tool by navigating to http://localhost:8000 in a web browser.

Figure 17 shows the initial view of the AromaDr web interface. The default mode,
shown in the figure, is the file mode. In this mode, the user selects the language and testing
framework used in the test, pastes the test code into the provided field, and clicks the Detect Test
Smells button to initiate the analysis. In project mode, the user must select the programming
language and testing framework used in the project, provide the URL of the public GitHub

repository, and then click the Detect Test Smells button. The tool will automatically retrieve the
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test files from the specified repository and perform the smell detection across the entire project.

Figure 17 — AromaDir initial view (file mode)

AromaDR

A language-independent tool to detect test smells.

Detect on a File

Detect on a Project

Detect Test Smells on a File

Language and Framework

C# - xUnit

Test File Content
1|

Detect Test Smells

© 2025 AromaDR. All rights reserved.

Source: prepared by the author.

After clicking the Detect Test Smells button in file mode, the identified test smells are
displayed, as shown in Figure 18. The bottom section of the page presents a hierarchical view of
the test structure, including the test suites and the individual tests within each suite. Alongside
this structure, the detection results are shown, indicating the name of each detected test smell
and the corresponding line numbers where each smell occurs.

Figure 19 shows the results of test smell detection using the project mode. The
output is similar to that of file mode, with some additional features. In project mode, all test files
in the repository are listed, and for each file, the lines containing detected test smells are visually
highlighted in red. Additionally, users are provided with the option to download a JSON file
containing the detection results for all analyzed test files, enabling further inspection.

It is also possible to use the AromaDr tool through its REST API. The README . md
file in the tool’s GitHub repository provides detailed instructions for using the AromaDr API in
both modes (file-based and project-based). This feature enables seamless integration of the tool
into automated pipelines or other external applications that require programmatic access to test

smell detection.



Figure 18 — AromaDr file mode test smell detection
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public class ArrayFillTest extends AbstractLangTest {

@Test
public void testFillByteArray() {
final bytel[] array = new byte[3];
final byte val = (byte) 1;
final bytel] actual = ArrayFill.fill(array, val);
assertSame(array, actual);
for (final byte v : actual) {
assertEquals(val, v);

}

@Test

public void testFillByteArrayNull() {
final bytell array = null;
final byte val = (byte) 1;
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ArrayFillTest
testFillByteArray
AssertionRoulette at lines 38-38
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Source: prepared by the author.

Figure 19 — AromaDr project mode test smell detection
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Source: prepared by the author.

6.4 Comparison with other Tools

stMethod

Several tools have been proposed for detecting and refactoring test smells.
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For our

comparison, we selected (i) at least one tool that supports a language also handled by AromaDr

and (i1) another language-independent tool. The rest of this section compares these tools with

AromaDr in terms of their capabilities.
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TsDetect is a command-line tool for detecting test smells in Java projects using the
JUnit testing framework (Peruma et al., 2020). It identifies 19 distinct test smells, including
Assertion Roulette, Conditional Test Logic, Constructor Initialization, Default Test, Duplicate
Assert, Eager Test, Empty Test, Exception Handling, General Fixture, Ignored Test, Lazy Test,
Magic Number Test, Mystery Guest, Redundant Print, Redundant Assertion, Resource Optimism,
Sensitive Equality, Sleepy Test, and Unknown Test. Users provide a CSV file listing paths
to production and test code; the tool outputs another CSV listing the detected smells. While
TsDetect supports more smell types than AromaDr, our tool is language-independent (currently
supporting five languages) and provides line-level precision for each smell, unlike TsDetect,
which only reports the affected file.

PyNose is a tool designed to detect test smells in Python tests using the Unittest
framework (Wang et al., 2021). It currently supports 18 test smells, 17 language-agnostic
and one specific to Python, including Assertion Roulette, Conditional Test Logic, Constructor
Initialization, Default Test, Duplicate Assert, Empty Test, Exception Handling, General Fixture,
Ignored Test, Lack of Cohesion of Test Cases, Magic Number Test, Obscure In-Line Setup,
Redundant Assertion, Redundant Print, Sleepy Test, Suboptimal Assert, Test Maverick, and
Unknown Test. The tool works as a plugin for PyCharm, an integrated development environment
(IDE) for Python by JetBrains. In addition to in-IDE detection, PyNose allows results to be
exported to a JSON file. Unlike PyNose, AromaDr is not tied to any specific IDE, as its language-
independent design reduces the relevance of IDE integration. However, we have developed an
API to support future platform integrations. Our tool also supports exporting detection results to
JSON. A key advantage of our tool over PyNose is its language-agnostic detection mechanism,
currently supporting five programming languages, while PyNose supports only Python.

XNose detects test smells in C# test code using the xUnit framework (Paul et
al., 2024), supporting 16 smells: Assertion Roulette, Conditional Test Smell, Inappropriate
Assertions, Constructor Initialization, Duplicate Assert, Empty Test, Eager Test, Ignored Test,
Lack of Cohesion of Test Cases, Magic Number Test, Obscure In-Line Setup, Redundant Assertion,
Redundant Print, Sleepy Test, Sensitive Equality, and Unknown Test. Like TsDetect, XNose is a
command-line tool, whereas AromaDr offers a graphical user interface for easier use. While
XNose supports more smells, AromaDr covers five programming languages compared to XNose’s
C#-only support.

To our knowledge, besides AromaDir, the only tool supporting JavaScript is STEEL (Jorge
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etal.,2021). STEEL detects 15 test smells, including Assertion Roulette, Conditional Test Logic,
Eager Test, Lazy Test, Duplicate Assert, Magic Number Test, Redundant Print, Empty Test, Excep-
tion Handling, Redundant Assertion, Unknown Test, Mystery Guest, Resource Optimism, Ignored
Test, and Sleepy Test, and also reports various test quality metrics. STEEL is a command-line
tool, while AromaDr offers a graphical interface to ease detection. Our tool supports JavaScript
plus four other languages, using a language-independent detection method that simplifies adding
new languages without separate detection code.

In the literature, SniffML (Lopes et al., 2024) is another tool claiming language
independence, supporting C, C++, C#, and Java. It detects seven test smells: Assertion Roulette,
Conditional Test, Duplicate Assert, Empty Test, Exception Handling, Magic Number, and Un-
known Test. SnifftML requires a GitHub project URL for detection, a feature we also implemented
to analyze entire projects. However, our tool supports more languages (five vs. four), detects all
SniffML’s smells plus three more, and offers a graphical user interface compared to SniffML’s

command-line interface.

6.5 Conclusion

In this study, we present AromaDr, a tool for detecting test smells that follow a
language-independent strategy, meaning that adding support for a new language does not require
re-implementing the detection algorithms. Currently, AromaDr detects ten well-known test
smells and supports five languages: C#, Java, JavaScript, TypeScript, and Python. To our
knowledge, it is the test-smell detection tool with the broadest language coverage.

Our tool offers a graphical user interface, an advantage over several existing command-
line tools. Moreover, it pinpoints the exact line in which each test smell occurs, whereas some
competing tools merely indicate the file that contains the smell. Consequently, AromaDr is
useful for practitioners (who can analyze projects written in any supported language) and re-
searchers (who can study test smells using AromaDr or extend the tool with additional smells or
languages). We provide our tool under the MIT License, which means it is open to modifications

and improvements to, for example, add support for new languages and test smells.
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7 CONCLUSION AND FUTURE WORK

In this Master’s dissertation, we propose AromalIA, a language-independent ap-
proach for detecting test smells. This approach is a significant contribution for both researchers
and developers because it not only enables test smell detection on code written in different
programming languages using a single unified solution, but also simplifies the process of adding
support for new languages by significantly reducing the required rework.

Test smells have become an increasingly relevant topic in recent years due to their
potential to hinder the maintainability and evolution of test code (Tran et al., 2021). Several
studies have proposed techniques to detect and refactor test smells (Aljedaani et al., 2021).
However, most existing approaches are language-specific (Aljedaani et al., 2021). This design
makes it difficult to extend the approach to support additional programming languages. As a
result, addressing test smells in a new language often requires developing a solution from scratch,
a process that is both time-consuming and resource-intensive.

Despite differences in syntax and testing frameworks, many test smells manifest in
similar ways across languages and can be detected using comparable patterns. This observation
suggests the feasibility of developing a more general, language-independent solution for detecting
test smells. However, researchers have not widely explored such solutions in the literature.

Indeed, Lopes et al. (2024) proposed a language-agnostic approach for detecting test
smells. Their technique performs detection on an XML representation of the test code, generated
independently of the programming language. To the best of our knowledge, the approach
presented by Lopes et al. (2024) is the only existing language-agnostic method for detecting
test smells. However, it has a key limitation: the tool used to extract the XML representation,
srcML, supports only four programming languages. In our work, we perform detection on an
AST generated by the rust-code-analysis tool (Ardito et al., 2020), which currently supports
eleven languages. Moreover, being an open-source tool maintained by Mozilla, it can be further
extended to support additional languages.

Recent literature also shows an increasing adoption of LLLM-based solutions across
several domains, including test smell detection. This line of research is particularly appealing
for achieving language-independent detection, as it avoids building an entire solution from
scratch and instead leverages the knowledge embedded in pretrained LLMs. We identified
several recent studies that employ LLLM-based approaches to detect test smells across multiple

languages (Lucas et al., 2024; SANTANA JUNIOR et al., 2025). However, the reported accuracy
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in these works suggests that more traditional approaches, including our own, still outperform
current LLM-based methods. Therefore, further research is needed to fully explore the potential
of LLM-based solutions in reducing the effort required for test smell detection while maintaining
high accuracy.

This chapter presents a summary of the main contributions of this Master’s disserta-
tion, along with the publications that emerged during its development. We also outline future

work directions to further advance this research.

7.1 Main Contributions

The main goal of this Master’s dissertation was to propose a language-independent
approach for detecting test smells. To achieve this, we first investigated how test smells are
addressed in the literature across different programming languages through a SMS, presented
in Chapter 4. Next, we introduced AromalLlIA, our language-independent test smell detection
approach, and compared it with existing solutions, as presented in Chapter 5. Finally, we
developed a tool that implements AromaLIA, as described in Chapter 6. Below, we present the
main contributions of this Master’s dissertation.

Contribution 1: An analysis of test smell prevalence across programming languages.
In Chapter 4, we conducted an SMS to explore how test smells manifest across programming
languages. In this study, we analyzed which languages and testing frameworks are most fre-
quently addressed in the context of test smells, as well as which test smells are most common
within each language or framework. We also examined the prevalence of test smells based on
their categories (e.g., code-related, dependency-related). This analysis provides a foundation for
future research, enabling researchers to explore understudied languages or test smells that have
received limited attention in the literature.

Contribution 2: A catalog of test smells. Also in Chapter 4, we present a catalog of
213 test smells encompassing both universal and language-specific instances. This catalog is
particularly valuable for the development of future language-independent detection approaches,
as such approaches should prioritize test smells that are broadly applicable across languages.
Additionally, the catalog can support further investigation into whether test smells that appear to
be language-specific (because they were reported only in one language) are truly exclusive to
that language or could occur in other languages as well.

Contribution 3: A catalog of test smell refactorings. In Chapter 4, we also provide
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a catalog of 94 refactorings associated with 56 distinct test smells. This contribution can support
future research focusing on test smell remediation and automated refactoring techniques.

Contribution 4: A catalog of test smell datasets. Chapter 4 also includes a catalog
of 16 test smell datasets covering the languages C#, C++, Java, Python, and Robot Framework.
Given that constructing a test smell dataset is a non-trivial and time-consuming task, the reuse of
existing datasets is both useful and encouraged. These datasets can support future studies on test
smell detection and refactoring, enabling consistent comparisons among different approaches.

Contribution 5: A catalog of test smell detection tools. We additionally provide, in
Chapter 4, a catalog of 36 test smell detection tools, 22 of which remain available. This catalog
can assist future researchers in selecting appropriate tools for comparative studies on test smell
detection techniques.

Contribution 6: A fest smell criticality classification. In Chapter 4, we also present
a classification of test smell criticality based on data synthesized from multiple studies in the
literature. This classification considers two perspectives: developers’ perceptions and the impact
of test smells on maintainability. It can guide future research by helping identify which test
smells deserve priority, rather than selecting smells solely based on their frequency in past
studies.

Contribution 7: AromalIA: a language-independent approach for detecting test
smells. The central contribution of this dissertation is our proposed language-independent
approach for detecting test smells, detailed in Chapter 5. This approach benefits both developers
and researchers, as it enables test smell detection in currently supported languages and facilitates
the addition of new languages without requiring a complete solution to be developed from scratch.
Furthermore, given AromalLIA’s strong results in terms of precision, recall, and F1-score, it
can serve as a baseline for evaluating emerging detection techniques, including LL.M-based
approaches.

Contribution 8: A multi-language dataset of test smells. Chapter 5 also introduces a
dataset containing 830 test smell instances across C#, Java, Python, JavaScript, and TypeScript.
This dataset can support future research efforts in both detection and refactoring tasks and is
particularly valuable for evaluating language-independent approaches.

Contribution 9: A tool for detecting test smells in multiple languages. In Chapter 6,
we present AromaDr, a tool that implements the Aromal.IA approach. The tool supports the

detection of ten test smells across five programming languages. To the best of our knowledge,
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it is currently the tool supporting the largest number of languages in this context. This tool is
useful for both practitioners and researchers, and it can serve as a benchmark in future studies on

test smell detection.

7.2 Publications

To date, two publications related to this work have been accepted, and two others

have been submitted. Table 20 provides details regarding these publications. Additionally,

Table 21 lists two other publications that are not directly related to this Master’s dissertation.

Table 20 — Publications and submissions related to the dissertation

Publication

Description

SILVA, P; BEZERRA, C.; MACHADO, I. Toward a
Language-Agnostic Approach to Detect Test Smells. In:
Anais do XXXVIII Simp6sio Brasileiro de Engenharia
de Software. Porto Alegre, RS, Brasil: SBC, 2024.
p.- 686-692. ISSN 0000-0000. Available at: https:
/Isol.sbc.org.br/index.php/sbes/article/view/30413. DOI:
https://doi.org/10.5753/sbes.2024.3647.

In this study, we developed a proof of concept of
our language-independent approach for detecting
test smells, focusing on two test smells across two
programming languages.

SILVA, P; BEZERRA, C.; MACHADO, I.; RIBEIRO, M.
AromaDr: A Language-Independent Tool for Detecting
Test Smells. In: Anais do XXXIX Simpdsio Brasileiro de
Engenharia de Software. Recife/PE, Brasil: SBC, 2025.
p- 914-920. ISSN 2833-0633. Available at: https://sol.
sbc.org.br/index.php/sbes/article/view/37078. DOI: https:
//doi.org/10.5753/sbes.2025.11114.

This study corresponds to the work presented in
Chapter 6, in which we proposed a tool imple-
menting our language-independent approach for
detecting ten test smells across five programming
languages.

SILVA, P.; BEZERRA, C.; MACHADO, I.; RIBEIRO, M.
Exploring Test Smells Across Programming Languages: A
Systematic Mapping Study. Submitted to the Journal of
Systems and Software (JSS).

This study corresponds to Chapter 4, where we
conducted a SMS to better understand how test
smells are characterized in the literature across
different programming languages.

SILVA, P; BEZERRA, C.; MACHADO, I.; RIBEIRO, M.
AromaLIA: A Language-Independent Approach to Detect
Test Smells. Submitted to the International Conference
on Evaluation and Assessment in Software Engineering
(EASE).

This study corresponds to Chapter 5, where we
present and evaluate our language-independent ap-
proach for detecting test smells.

Source: prepared by the author.

7.3 Future Work

In this section, we propose several directions for future work to expand the research

conducted in this Master’s dissertation.

Future Work 1: Extend AromallA to support language-independent test smell

refactoring. Beyond language-independent test smell detection, a largely unexplored topic is


https://sol.sbc.org.br/index.php/sbes/article/view/30413
https://sol.sbc.org.br/index.php/sbes/article/view/30413
https://doi.org/10.5753/sbes.2024.3647
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Table 21 — Other publications and submissions not related to the dissertation

Publication Description

ALVES, V.; BEZERRA, C.; MACHADO, I.; ROCHA, This study evaluates the quality of Python test code
L.; VIRGINIO, T.; SILVA, P. Quality Assessment of generated by several LLMs across different prompt-
Python Tests Generated by Large Language Models. arXiv — ing contexts.

preprint, 2025. Available at: https://arxiv.org/abs/2506.

14297. arXiv:2506.14297 [cs.SE].

SILVA, R.; SILVA, P.; BEZERRA, C.; UCHOA, A.; GAR- This study investigates the relationship between
CIA, A. Unveiling the Relationship Between Continuous ~ Continuous Integration and Code Review practices
Integration and Code Review: A Study with 10 Closed- in closed-source software development.

source Projects. Submitted to SBES 2025 — XXXIX Sim-

po6sio Brasileiro de Engenharia de Software.

Source: prepared by the author.

language-independent test smell refactoring. LLM-based solutions seem promising, but as far as
we know, no conventional approaches are addressing this problem. The AromalIA approach
could be extended to support test smell refactoring in a language-independent manner.

Future Work 2: Investigate language-specific test smells. In Chapter 4, we presented
a list of language-specific test smells (i.e., those appearing in a single language). However, some
of these test smells may simply be underexplored in the literature and may, in fact, appear in
other languages. Investigating these test smells and their occurrence in less-studied languages
represents an interesting path for future research.

Future Work 3: Increase the number of test smells and languages supported by
AromaDr. The tool proposed in Chapter 6 currently supports the highest number of languages
among similar tools. Future work could aim to increase the number of supported languages.
Additionally, increasing the number of test smells supported by the tool (currently 10) would
also be valuable, as some existing tools support a higher number of test smells.

Future Work 4: Compare AromalLIA with LLM-based approaches. LLM-based
approaches appear to be a promising direction for future research on test smells. However,
many aspects of such approaches remain underexplored, including how they compare with more
conventional approaches across different types of test code (e.g., varying code sizes, languages,
and frameworks). Comparing an LLM-based approach with Aromal.IA would be an interesting
direction for future work.

Future Work 5: Evaluate the use of AromaDr in real-world scenarios. Another
valuable direction is to evaluate the usability and effectiveness of the AromaDr tool in real-world
projects. This includes studying how developers use and perceive the tool, particularly in contexts

with multi-language codebases.
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APPENDIX A - SELECTED PAPERS

Table 22 —Selected Papers
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S1 The Lost World: Characterizing and Detecting Undiscovered Test Smells (Yang et al., 2024)
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S3 TEMPY: Test Smell Detector for Python (Fernandes et al., 2022)

S4 Investigating Test Smells in JavaScript Test Code (Jorge et al., 2021)

S5 Refactoring Test Smells: A Perspective from Open-Source Developers (Soares et al., 2020)

S6 On the use of test smells for prediction of flaky tests (Camara et al., 2021)

S7 Understanding practitioners’ strategies to handle test smells: a multi-method study (Santana et al., 2021)

S8 Handling Test Smells in Python: Results from a Mixed-Method Study (Fernandes et al., 2021)

S9 Investigating Developers’ Contributions to Test Smell Survivability: A Study of Open-Source Projects (Campos
et al.,2023a)

S10 On the distribution of test smells in open source Android applications: an exploratory study (Peruma et al., 2019)

S11 On the influence of Test Smells on Test Coverage (Virginio et al., 2019)

S12 Do the Test Smells Assertion Roulette and Eager Test Impact Students’ Troubleshooting and Debugging
Capabilities? (Aljedaani et al., 2023)

S13 SoCRATES: Scala radar for test smells (Bleser et al., 2019b)

S14 PyTest-Smell: a smell detection tool for Python unit tests (Bodea, 2022)

S15 How Students Unit Test: Perceptions, Practices, and Pitfalls (Bai et al., 2021)

S16 Characterizing high-quality test methods: a first empirical study (Veloso; Hora, 2022)

S17 Identifying Test Refactoring Candidates with Assertion Fingerprints (Fang; Lam, 2015)

S18 LCCSS: A Similarity Metric for Identifying Similar Test Code (Silva; Vilain, 2020)
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S20 An empirical investigation on the readability of manual and generated test cases (Grano et al., 2018)
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etal., 2024)

S24 On the diffusion of test smells and their relationship with test code quality of Java projects (Martins et al., 2024a)

S25 Automatic Refactoring Method to Remove Eager Test Smell (Pizzini et al., 2023a)

S27 Refactoring Assertion Roulette and Duplicate Assert test smells: a controlled experiment (Santana et al., 2022)

S28 Sentinel: A process for automatic removing of Test Smells (Pizzini et al., 2023b)

S29 Hearing the voice of experts: Unveiling Stack Exchange communities’ knowledge of test smells (Martins et al.,
2023)

S30 Do you see any problem? On the Developers Perceptions in Test Smells Detection (Lima ef al., 2023)

S31 PYNOSE: A test smell detector for python (Wang ef al., 2021)

S32 Machine Learning-Based Test Smell Detection (Pontillo ez al., 2024)

S33 JTDog: a Gradle Plugin for Detecting Dynamic Test Smells (Taniguchi et al., 2021)

S34 Investigating developer perception on test smells using better code hub - Work in progress - (Schvarcbacher et
al., 2019)

S35 How and why developers implement OS-specific tests (Job; Hora, 2024)

S36 An Empirical Study on the Evolution of Test Smell (Kim, 2020)

S37 RAIDE: A tool for Assertion Roulette and Duplicate Assert identification and refactoring (Santana et al., 2020)
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S38 An Empirical Study of Using Large Language Models for Unit Test Generation (Schéfer et al., 2024)

S39 An Exploratory Study on the Refactoring of Unit Test Files in Android Applications (Peruma et al., 2020)
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S45 Just-In-Time Test Smell Detection and Refactoring: The DARTS Project (Lambiase ez al., 2020)

S46 A Trend Analysis of Test Smells in Python Test Code Over Commit History (Fushihara et al., 2023)

S47 A preliminary evaluation on the relationship among architectural and test smells (Stefano et al., 2022)

S48 Assessing Diffusion and Perception of Test Smells in Scala Projects (Bleser et al., 2019a)

S49 On the Diffusion of Test Smells in Automatically Generated Test Code: An Empirical Study (Palomba et al.,
2016)

S50 Automatic Test Smell Detection Using Information Retrieval Techniques (Palomba et al., 2018)

S51 Revisiting Test Smells in Automatically Generated Tests: Limitations, Pitfalls, and Opportunities (Panichella et
al., 2020)

S52 An Exploratory Study of the Relationship Between Software Test Smells and Fault-Proneness (Qusef et al.,
2019)

S53 An Analysis of Complex Industrial Test Code Using Clone Analysis (Hasanain et al., 2018)

S54 Automated Detection of Test Fixture Strategies and Smells (Greiler ef al., 2013b)

S55 Generated Tests in the Context of Maintenance Tasks: A Series of Empirical Studies (Herculano et al., 2022)

S56 Revisiting Test Impact Analysis in Continuous Testing From the Perspective of Code Dependencies (Peng et al.,
2022)

S57 Why is Unit-testing in Computer Games Difficult? (Toll; Olsson, 2012)

S58 Characterizing the Relative Significance of a Test Smell (Rompaey et al., 2006)

S59 On the Distribution of “Simple Stupid Bugs” in Unit Test Files: An Exploratory Study (Peruma; Newman, 2021)

S60 Scented since the beginning: On the diffuseness of test smells in automatically generated test code (Grano er al.,
2019)

S61 Why do builds fail?>—A conceptual replication study (Barrak ez al., 2021)

S62 A multi-label classification approach for detecting test smells over java projects (Hadj-Kacem; Bouassida, 2022)

S63 A comparative study of test code clones and production code clones (Bladel; Demeyer, 2021)

S64 What do developers consider magic literals? A smalltalk perspective (Anquetil et al., 2022)

S65 The secret life of test smells - an empirical study on test smell evolution and maintenance (Kim et al., 2021a)

S66 Use of Test Doubles in Android Testing: An In-Depth Investigation (Fazzini et al., 2022)

S67 Investigating Severity Thresholds for Test Smells (Spadini et al., 2020)

S68 Strategies for avoiding text fixture smells during software evolution (Greiler et al., 2013c)

S69 Randoop-TSR: Random-based Test Generator with Test Suite Reduction (Liu; Yu, 2022)

S70 JNose: Java Test Smell Detector (Virginio et al., 2020a)

S71 An empirical study of automatically-generated tests from the perspective of test smells (Virginio et al., 2020b)

S72 Automatically identifying dead fields in test code by resolving method call and field dependency (Satter et al.,
2017)

S73 An empirical investigation into the nature of test smells (Tufano er al., 2016)

S74 Smart prediction for refactorings in the software test code (Martins et al., 2021)
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S75 A comprehensive catalog of refactoring strategies to handle test smells in Java-based systems (Martins et al.,
2024b)

S76 An empirical study on the influence of developers’ experience on software test code quality (Campos et al.,
2023b)

S77 Detection of test smells with basic language analysis methods and its evaluation (Maier; Felderer, 2023)

S78 Ukwikora: Continuous inspection for keyword-driven testing (Rwemalika et al., 2019)

S79 TsDetect: An open source test smells detection tool (Peruma et al., 2020)

S80 A static code search technique to identify dead fields by analyzing usage of setup fields and field dependency in
test code (Satter et al., 2016)

S81 Test smells 20 years later: detectability, validity, and reliability (Panichella et al., 2022)

S82 Who Is Afraid of Test Smells? Assessing Technical Debt from Developer Actions (Chen et al., 2023)

S83 Smells in system user interactive tests (Rwemalika ez al., 2022)

S84 Evaluating test quality of Python libraries for IoT applications at the network edge (Chen et al., 2024)

S85 Investigating developers’ perception on software testability and its effects (Sharma et al., 2023)

S86 Are test smells really harmful? An empirical study (Bavota et al., 2015)

S87 Pragmatic Approach to Test Case Reuse - A Case Study in Android OS BiDiTests Library (Asaithambi; Jarzabek,
2014)

S88 Towards Test Case Reuse: A Study of Redundancies in Android Platform Test Libraries (Asaithambi; Jarzabek,
2013)

S89 An approach to quality engineering of TTCN-3 test specifications (Neukirchen et al., 2008)

S90 JExample: Exploiting Dependencies between Tests to Improve Defect Localization (Kuhn ez al., 2008)

S91 Utilising Code Smells to Detect Quality Problems in TTCN-3 Test Suites (Neukirchen; Bisanz, 2007)

S92 Using Large Language Models to Generate JUnit Tests: An Empirical Study (Siddiq et al., 2024)

S93 Understanding Test Convention Consistency as a Dimension of Test Quality (Robillard et al., 2024)

S94 Beyond Accuracy: An Empirical Study on Unit Testing in Open-source Deep Learning Projects (Wang et al.,
2024)

S95 Using GitHub Copilot for Test Generation in Python: An Empirical Study (Haji et al., 2024)

S96 From Fine-tuning to Output: An Empirical Investigation of Test Smells in Transformer-Based Test Code
Generation (Aljohani; Do, 2024)

S97 Test Smells Learning by a Gamification Approach (Fasolino; Tramontana, 2024)

S98 Insights from the Field: Exploring Students’ Perspectives on Bad Unit Testing Practices (Peruma et al., 2024)

S99 XNose: A Test Smell Detector for C# (Paul ef al., 2024)

S100 What’s in a Display Name? An Empirical Study on the Use of Display Names in Open-Source JUnit Tests (Qiao;
Rojas, 2024)

S101 Toward granular search-based automatic unit test case generation (Pecorelli et al., 2024)

S102 A Road to Find Them All: Towards an Agnostic Strategy for Test Smell Detection (Lopes et al., 2024)

S103 How Aware Are We of Test Smells in Quantum Software Systems? A Preliminary Empirical Evaluation (Virginio
etal., 2024)

S104 Automated Unit Test Refactoring (Gao et al., 2025)

S105 Gamifying Testing in IntelliJ: A Replicability Study (Straubinger et al., 2025a)

S106 Sojourner under Sabotage: A Serious Testing and Debugging Game (Straubinger et al., 2025b)

S107 Test smell: A parasitic energy consumer in software testing (Misu et al., 2025)

S108 Predicting the Root Cause of Flaky Tests Based on Test Smells (Wang et al., 2025)
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S109 Understanding the Prevalence of Test Smells in Open-source and Industrial Software: An Empirical Study on
Python Projects (Hasan; Ahammed, 2024)
S110 Fault-Proneness of Python Programs Tested By Smelled Test Code (Fushihara et al., 2024)

S111 Private-Keep Out? Understanding How Developers Account for Code Visibility in Unit Testing (Roslan et al.,
2024a)

S112 Viscount: A Direct Method Call Coverage Tool for Java (Roslan et al., 2024b)

S113 Reinforcement Learning from Automatic Feedback for High-Quality Unit Test Generation (Steenhoek et al.,
2025)

S114 How Do Developers Structure Unit Test Cases? An Empirical Analysis of the AAA Pattern in Open Source

Projects (Wei et al., 2025)

S115 A proposal and assessment of an improved heuristic for the Eager Test smell detection (Tran et al., 2025)
S116 An empirical investigation into the capabilities of anomaly detection approaches for test smell detection (Pontillo
et al., 2025)

S117 Automated Clone Elimination in Python Tests (Kingston et al., 2025)
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APPENDIX B - TEST SMELLS THAT APPEAR IN ONLY ONE LANGUAGE OR

FRAMEWORK

Table 23 — Test Smells That Appear In Only One Language Or Framework

Language/Framework Test Smell

C++ Fragile Test

Java Assertion In Loop

Java Dependent Assert

Java Fire And Forget

Java Multithreading

Java Non-Deterministic Data Test

Java Ordered Hypothesis

Java Parameter Order Wrong

Java Poor Test Organization

Java Return In Test

Java Time Acquisition

Java/JUnit Ambiguous Display Name

Java/JUnit Anal Probe

Java/JUnit Annotation Repetition

Java/JUnit Anonymous Test

Java/JUnit Arrange&Quit

Java/JUnit Assert Pre-Condition

Java/JUnit Asserting Constants

Java/JUnit Asserting Object Initialization Multiple Times

Java/JUnit Assertions With Not Related Parent Class
Method

Java/JUnit Chain Gang

Java/JUnit Code Organization

Java/JUnit Coupling Between Test Methods

Java/JUnit Coupling With Production Code

Java/JUnit Dependencies On Test Containers

Java/JUnit Doppelgdnger

Java/JUnit Duplicate Display Names

Java/JUnit Duplicated Setup

Java/JUnit Exceptions Due To External Dependencies

Java/JUnit Exceptions Due To Incomplete Setup

Java/JUnit Exceptions Due To Null Arguments

Java/JUnit For Testers Only

Java/JUnit Friction

Java/JUnit God Test Class

Java/JUnit Happy Path Only

Java/JUnit Hard To Co-Evolve

Java/JUnit Hardcoded Dependency

Java/JUnit Hidden Dependency




Language/Framework Test Smell

Java/JUnit Inconsistent Display Name
Java/JUnit Inconsistent Style

Java/JUnit Interacting Test Suites
Java/JUnit Irrelevant Information
Java/JUnit Is Mockito Working Fine
Java/JUnit Lack Comments

Java/JUnit Likely Ineffective Object Comparison
Java/JUnit Messy Tests

Java/JUnit Missing Assert

Java/JUnit Missing Display Name
Java/JUnit Mock Call Verification
Java/JUnit Mock Makes The Test Always Passes
Java/JUnit Mock Naming

Java/JUnit Multilingual Display Name
Java/JUnit Multiple Aaa

Java/JUnit Multiple Acts

Java/JUnit Naming Convention Violation
Java/JUnit No Assertions

Java/JUnit Not Asserted Return Values
Java/JUnit Not Asserted Side Effects
Java/JUnit Obscure Assert

Java/JUnit Obscure Inline Setup
Java/JUnit Obsolete Tests

Java/JUnit Overreferencing

Java/JUnit Redundant Display Name
Java/JUnit Redundant Not Null Assertion
Java/JUnit Redundant Test

Java/JUnit Refused Bequest

Java/JUnit Replicating Disadvantages Of The Code
Java/JUnit Resource Leakage

Java/JUnit Resource Optimist

Java/JUnit Second Class Citizens
Java/JUnit State Leak

Java/JUnit Suppressed Exception
Java/JUnit Test Logic In Production Code
Java/JUnit Test Run War

Java/JUnit Testing Only Field Accessors
Java/JUnit Testing The Same Exception Scenario
Java/JUnit Testing The Same Void Method
Java/JUnit The Butterfly

Java/JUnit The Conjoined Twins
Java/JUnit The Dead Tree

Java/JUnit The Environmental Vandal
Java/JUnit The Forty Foot Pole Test
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Language/Framework Test Smell

Java/JUnit The Giant

Java/JUnit The Sleeper

Java/JUnit The Test With No Name

Java/JUnit Tooling Details In Test Case

Java/JUnit Ugly Mirror

Java/JUnit Unclear Display Name

Java/JUnit Unecessary Test

Java/JUnit Ungrammatical Display Name

Java/JUnit Unrelated Assertions

Java/JUnit Unused Inputs

Java/JUnit Using More Than One Mock For A Test

Java/TestNG Duplicate Test Runs Caused By Inheritance

Java/TestNG Scattered Test Fixtures Caused By Inheritance

Java/TestNG Using Test Case Inheritance To Test Source Code
Polymorphism

Java/TestNG Vague Header Setup Smell

Python/PyTest Test Clone

Python/Unittest Lack Of Cohesion Of Test Cases

Python/Unittest Suboptimal Assert

Robot Framework Army Of Clones

Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework

Robot Framework

Complicated Setup Scenarios
Conditional Assertions
Conspiracy Of Silence

Data Creep

Dependencies Between Tests
Directly Executing Ui Scripts
Duplicate Check
Duplicated Keyword
Duplicated Variable
Hardcoded Environment
Hiding Test Data
Implementation Dependent
Inconsistent Hierarchy
Inconsistent Wording

Lack Of Early Feedback
Lack Of Encapsulation
Lifeless

Long Test Steps

Middle Man

Missing Assertion

Missing Definition
Narcissistic

Noisy Logging

On The Fly
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Language/Framework

Test Smell

Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Robot Framework
Smaltalk
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3
TTCN-3

TTCN-3
TTCN-3
TTCN-3

Over-Checking

Pointless Scenario Descriptions
Sensitive Locators

Sneaky Checking

Stinky Synchronization

Test Data Loss

Testing Data Not Code
Transitive Dependency
Unnecessary Navigation
Unrealistic Data

Unsecured Test Data

Unsuitable Naming

Magic Literals

Activation Asymmetry

Bad Comment Rate

Bad Documentation Comment
Complex Conditional

Constant Actual Parameter Value
Disorder

Duplicate Alt Branches
Duplicate Component Definition
Duplicate In-Line Templates
Duplicate Local Variable/Constant/Timer
Duplicate Statements

Duplicate Template Fields
Duplicated Code In Conditional
Fully-Parametrised Template
Goto

Idle Ptc

Insufficient Grouping

Long Parameter List

Long Statement Block

Magic Values

Missing Log

Missing Variable Definition
Missing Verdict

Nested Conditional
Over-Specificrunson

Short Template

Singular Component Variable/Constant/Timer
Reference

Singular Template Reference
Stop In Function

Unreachable Default
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Language/Framework Test Smell

TTCN-3 Unrestricted Imports
TTCN-3 Unused Definition

TTCN-3 Unused Imports

TTCN-3 Unused Parameter
TTCN-3 Unused Variable Definition
TTCN-3 Wasted Variable Definition
Typescript/Jest Empty Tests

Typescript/Jest Timeouts




APPENDIX C

Table 24 —Test Smells Refactorings by Language and Framework

— TEST SMELLS REFACTORINGS BY LANGUAGE AND
FRAMEWORK
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Test Smell Refactoring Language/Framework Papers
Anonymous Test Rename method Java/JUnit S55
Army Of Clones Ensure that the user keyword that is called by a test and = Robot Framework S83
have at least one clone in the test suite is removed
Arrange&quit Replace the if-return block by an assume for the precon-  Java/JUnit S114
dition
Assert Pre-condition Replace the assert pre-condition by the junit assume Java/JUnit S114
Assertion In Loop Create test cases for the edge cases and vulnerable values  Java S1
Assertion In Loop Utilize repeated test feature Java S1
Assertion Roulette Add assertion explanation Java S2
Assertion Roulette Add assertion explanation Java/JUnit S23
Assertion Roulette Add assertion explanation Java/JUnit S26
Assertion Roulette Add assertion explanation Java/JUnit S27
Assertion Roulette Add assertion explanation Java/JUnit S28
Assertion Roulette Add assertion explanation Java/JUnit S37
Assertion Roulette Add assertion explanation Scala/ScalaTest S48
Assertion Roulette Add assertion explanation Java/JUnit S49
Assertion Roulette Add assertion explanation Java/JUnit S5
Assertion Roulette Add assertion explanation Java/JUnit S60
Assertion Roulette Add assertion explanation Java/JUnit S7
Assertion Roulette Add assertion explanation Java S73
Assertion Roulette Add assertion explanation Java/JUnit S75
Assertion Roulette Add assertion explanation Java/JUnit S86
Assertion Roulette Add assertion explanation Java/JUnit S93
Assertion Roulette Add assertion explanation Java/JUnit S104
Assertion Roulette Extract method Java/JUnit S23
Assertion Roulette Extract method Java/JUnit S55
Assertion Roulette Extract method Java/JUnit S7
Assertion Roulette Extract method Java/JUnit S75
Assertion Roulette Extract method Python/Unittest S84
Assertion Roulette Extract method Python/Nose S84
Assertion Roulette Extract method Python/PyTest S84
Assertion Roulette Single-condition tests Java/JUnit S26
Assertion Roulette Single-condition tests Java/JUnit S5
Assertion Roulette Surround assertions with assertall Java/JUnit S75
Assertion Roulette Use junit5 assertall Java/JUnit S107
Assertion Roulette Use junitS grouped assertions Java/JUnit S26
Assertion Roulette Wrap assert on withclue Scala/ScalaTest S48
Bad Naming Rename test classes Java/JUnit S75
Conditional Assertions Ensure that the conditional assertion node is removed  Robot Framework S83

from the call graph
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Test Smell Refactoring Language/Framework Papers
Conditional Test Logic Add guarded assertion Java/JUnit S26
Conditional Test Logic Encapsulating this test logic in a test utility method with ~ Java/JUnit S26
an intent-revealing name
Conditional Test Logic Extract method Java/JUnit S5
Conditional Test Logic Extract method Java/JUnit S7
Conditional Test Logic Refactoring tests into separate modules (e.g., one for  Python/PyTest S35
each operating system), making each test module fully
executable on the target os
Conditional Test Logic Refactoring tests into separate modules (e.g., one for  Python/Unittest S35
each operating system), making each test module fully
executable on the target os
Conditional Test Logic Transforming os-specific tests that check the os in the = Python/PyTest S35
test code into their test decorators counterparts, when-
ever possible
Conditional Test Logic Transforming os-specific tests that check the os in the =~ Python/Unittest S35
test code into their test decorators counterparts, when-
ever possible
Conditional Test Logic Use junit 5 conditional test execution Java/JUnit S26
Conditional Test Logic Use junit 5 repeated tests feature Java/JUnit S26
Dead Field Extract class Java/JUnit S54
Dead Field Extract class Java/TestNG S54
Duplicate Assert Extract method Java S2
Duplicate Assert Extract method Java/JUnit S26
Duplicate Assert Extract method Java/JUnit S27
Duplicate Assert Extract method Java/JUnit S28
Duplicate Assert Extract method Java/JUnit S37
Duplicate Assert Extract method Java/JUnit S7
Duplicate Assert Extract method Java/JUnit S104
Duplicate Assert Use parameterized test Java/JUnit S23
Duplicate Assert Use parameterized test Java/JUnit S26
Duplicate Assert Use parameterized test Java/JUnit S104
Duplicate Test Runs Caused By ~ Avoid inheritance from non-abstract test cases Java/JUnit S56
Inheritance
Duplicate Test Runs Caused By  Avoid inheritance from non-abstract test cases Java/TestNG S56
Inheritance
Duplicated Test Code Extract method Java/JUnit S17
Duplicated Test Code Extract method Java/JUnit S26
Duplicated Test Code Extract method Java/JUnit S49
Duplicated Test Code Extract method Java/JUnit S5
Duplicated Test Code Extract method Java/JUnit S86
Duplicated Test Code Implicity setup Java/JUnit S18
Duplicated Test Code Use junit 5 repeated tests Java/JUnit S26
Duplicated Test Code Use parameterized test Java/JUnit S26
Eager Test Code addition Java/JUnit S75
Eager Test Code removal Java/JUnit S75
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Test Smell Refactoring Language/Framework Papers
Eager Test Extract method Java S2
Eager Test Extract method Java/JUnit S25
Eager Test Extract method Java/JUnit S28
Eager Test Extract method Java S45
Eager Test Extract method Scala/ScalaTest S48
Eager Test Extract method Java/JUnit S49
Eager Test Extract method Java/JUnit S55
Eager Test Extract method Java/JUnit S60
Eager Test Extract method Java S73
Eager Test Extract method Java/JUnit S86
Eager Test Extract method Java/JUnit S104
Exception Handling Extract method Java/JUnit S7
Exception Handling Replace try/catch block with @test expected annotation  Java/JUnit S75
Exception Handling Replace try/catch block, @test expected, or @rule anno-  Java/JUnit S75
tations with the assertthrows
Exception Handling Use ""teardown"" instead of ""finnaly"" Java/JUnit S5
Exception Handling Use @rule someexception e = someexception.none() Java/JUnit S5
Exception Handling Use assertthrows and assertexcpetion Java/JUnit S7
Exception Handling Use assumptions Java/JUnit S7
Exception Handling Use catchthrowable Java/JUnit S5
Exception Handling Use expected=myexception.class Java/JUnit S5
Exception Handling Use unit 5 exception handling feature Java/JUnit S26
Exception Handling Using framework-specific features to handle exception  Java/JUnit S26
testing
For Testers Only Extract subclass Java/JUnit S86
For Testers Only Move method Java/JUnit S86
General Fixture Creating a minimal fixture, which covers only the setup  Java/JUnit S54
code common for all test methods
General Fixture Creating a minimal fixture, which covers only the setup  Java/TestNG S54
code common for all test methods
General Fixture Extract class Java S45
General Fixture Extract method Java S45
General Fixture Extract method Java S73
General Fixture Extract method Java/JUnit S86
General Fixture Extract method Scala/ScalaTest S48
General Fixture Inline method Java/JUnit S86
General Fixture Remove fixture Scala/ScalaTest S48
General Fixture Removing trait beforeandafter from the test class and ~ Scala/ScalaTest S48
demoting the fields referenced in the argument to method
before to local, immutable variables in the appropriate
test case
General Fixture Splitting the fixture into multiple smaller fixtures Scala/ScalaTest S13
General Fixture Splitting the fixture into multiple smaller fixtures Scala/ScalaTest S48
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Test Smell Refactoring Language/Framework Papers

Hardcoded Environment Ensure the hardcoded argument in a call to a library = Robot Framework S83
keyword annotated as "configuration" is replaced with a
variable

Hiding Test Data Ensure the call to the library keywords annotated as  Robot Framework S83
"getter" in the setup of test t is removed

Ignored Test Code removal Java/JUnit S75

Inappropriate Assertion Replace reserved words with an appropriate assertion Java/JUnit S75

Inappropriate Assertion Replace the not operator within the assertions Java/JUnit S75

Inappropriate Assertion Split conditional expressions into two different parame- Java/JUnit S75
ters

Indirect Testing Extract method Java/JUnit S49

Indirect Testing Extract method Java/JUnit S60

Indirect Testing Extract method Java/JUnit S86

Indirect Testing Move method Java/JUnit S49

Indirect Testing Move method Java/JUnit S60

Interacting Test Suites Use junit 5 temporary directory Java/JUnit S26

Lack Of Cohesion Of Test Meth-  Extract class Java S45

ods

Lack Of Cohesion Of Test Meth-  Extract class Java/JUnit S54

ods

Lack Of Cohesion Of Test Meth-  Extract class Java/TestNG S54

ods

Lack Of Cohesion Of Test Meth-  Extract method Java S45

ods

Lack Of Encapsulation Ensure the direct call to a library keyword is removed  Robot Framework S83
from the acceptance criteria

Lazy Test Inline method Java/JUnit S86

Lazy Test Merge the individual test cases that execute the same  Scala/ScalaTest S48
method into a single one

Lazy Test Use parameterized test Java/JUnit S26

Long Test Steps Ensure the number of actions performed on the sutby a  Robot Framework S83
long step sees its value pass under the threshold 1

Magic Number Replace magic literal Java S2

Magic Number Replace magic literal Java/JUnit S5

Magic Number Replace magic literal Java S65

Magic Number Replace magic literal Java/JUnit S104

Magic Number Replace magic literal Java/JUnit S107

Middle Man Ensure the delegate keyword call is replaced with an- Robot Framework S83
other call which is not simply delegating its actions

Missing Assertion Ensure library keyword annotated as "assertion" is intro- ~ Robot Framework S83
duced in test that is missing any assertion

Multiple Aaa Extract method Java/JUnit S114

Multiple Acts Break the test case into separate ones, each focusing on  Java/JUnit S114
one act and add separate assert

Mystery Guest Inline resource Java/JUnit S86
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Test Smell Refactoring Language/Framework Papers

Mystery Guest Manage resources explicitly in a fixture Scala/ScalaTest S48

Moystery Guest Setup external resource Java/JUnit S26

Mystery Guest Setup external resource Java/JUnit S49

Mystery Guest Setup external resource Java/JUnit S60

Mystery Guest Setup external resource Java S73

Mpystery Guest Setup external resource Java/JUnit S86

Mystery Guest Use junit 5 temporary directory Java/JUnit S26

Narcissistic Ensure the name of a symptomatic "test steps” is changed =~ Robot Framework S83
so that it does not contain a personal pronoun anymore

Non-deterministic Data Test Adopt hashing algorithm to generate deterministic ran- Java S1
domness

Non-deterministic Data Test Create a class and store n random data beforehand and  Java S1
then hand them out without synchronization

Non-deterministic Data Test Set a seed number for random generators to produce Java S1
deterministic random data

Non-functional Statement Remove the empty scope or implement the expected Python/PyTest S8
functionality

Non-functional Statement Remove the empty scope or implement the expected  Python/Unittest S8
functionality

Obscure Assert Eliminate unnecessary control flow to simply the logic ~ Java/JUnit S114
of assert

Obscure In-line Setup Extract method Java/JUnit S68

Obscure In-line Setup Extract method Java/TestNG S68

Obscure In-line Setup If the in-line setup is common to all tests, one can use  Java/JUnit S54
an implicit setup

Obscure In-line Setup If the in-line setup is common to all tests, one can use  Java/TestNG S54
an implicit setup

Obscure In-line Setup Setup code be moved into delegate setup methods Java/JUnit S54

Obscure In-line Setup Setup code be moved into delegate setup methods Java/TestNG S54

Parameter Order Wrong Correct the wrong parameter order in assertions Java S1

Poor Test Organization Separate source and test code and use parallel package Java S1
structures

Programming Paradigms Blend  Fields located outside the test class can be initialized in ~ Python/PyTest S8
the setup method or in a helper method inside the test
class

Programming Paradigms Blend  Fields located outside the test class can be initialized in ~ Python/Unittest S8
the setup method or in a helper method inside the test
class

Redudant Print Code removal Java/JUnit S75

Resource Leakage Use junit 5 temporary directory Java/JUnit S26

Resource Optimism Add mock Java/JUnit S7

Resource Optimism Check before use Java/JUnit S7

Resource Optimism Create the resource in the setup Java/JUnit S7

Resource Optimism Make resource unique Java/JUnit S86

Resource Optimism Setup external resource Java/JUnit S49
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Test Smell Refactoring Language/Framework Papers
Resource Optimism Setup external resource Java/JUnit S5
Resource Optimism Setup external resource Java/JUnit S60
Resource Optimism Setup external resource Java/JUnit S86
Resource Optimism Use junit 5 temporary directory Java/JUnit S26
Resource Optimism Use temp files (in case the resource is a file) Java/JUnit S7
Return In Test Remove the return statement in test cases Java S1
Scattered Test Fixtures Caused  Manage test fixtures individually and independently in  Java/JUnit S56
By Inheritance each test case
Scattered Test Fixtures Caused — Manage test fixtures individually and independently in ~ Java/TestNG S56
By Inheritance each test case
Scattered Test Fixtures Caused  Use junit’s @rule annotation to refactor the code that  Java/JUnit S56
By Inheritance needs to be executed before and after a test
Scattered Test Fixtures Caused  Use junit’s @rule annotation to refactor the code that  Java/TestNG S56
By Inheritance needs to be executed before and after a test
Scattered Test Fixtures Caused  Use test utility classes to manage test fixtures instead of ~ Java/JUnit S56
By Inheritance using inheritance
Scattered Test Fixtures Caused  Use test utility classes to manage test fixtures instead of ~ Java/TestNG S56
By Inheritance using inheritance
Sensitive Equality Compare the members of the object states structurally  Scala/ScalaTest S48
instead of relying on tostring() of the wholes
Sensitive Equality Introduce equality method Java S2
Sensitive Equality Introduce equality method Java/JUnit S49
Sensitive Equality Introduce equality method Java/JUnit S5
Sensitive Equality Introduce equality method Java/JUnit S60
Sensitive Equality Introduce equality method Java S73
Sensitive Equality Introduce equality method Java/JUnit S86
Sleepy Test Add mock Java/JUnit S7
Sleepy Test Code addition Java/JUnit S75
Sleepy Test Refactor the test smell using java’s future library Java S65
Sleepy Test Reorder tests Java/JUnit S7
Sleepy Test Use intelligent waiting library Java/JUnit S7
Sleepy Test Use waitfor() condition in the java awaitility library Java S65
Suppressed Exception Remove the catch and keep the try Java/JUnit S114
Test Maverick Extract class Java/JUnit S54
Test Maverick Extract class Java/TestNG S54
Test Run War Make resource unique Java/JUnit S26
Test Run War Make resource unique Java/JUnit S86
Test Run War Reorder tests Java/JUnit S7
Test Run War Use junit 5 resource lock feature Java/JUnit S26
Undefined Test Rename the test method using the prefix "test" or remove  Python/PyTest S8
it
Undefined Test Rename the test method using the prefix "test" or remove  Python/Unittest S8
it
Unknown Test Add assertion Java/JUnit S7
Unknown Test Add assertion Java/JUnit S114
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Test Smell Refactoring Language/Framework Papers
Unknown Test Code addition Java/JUnit S75
Unknown Test Remove method Java/JUnit S7
Using Test Case Inheritance To  Use parameterized test Java/JUnit S56
Test Source Code Polymorphism
Using Test Case Inheritance To  Use parameterized test Java/TestNG S56
Test Source Code Polymorphism
Vague Header Setup Smell Field initializations should be placed in an implicit setup  Java/JUnit S54
to specify the behavior and the places to inspect within
aclass
Vague Header Setup Smell Field initializations should be placed in an implicit setup  Java/TestNG S54
to specify the behavior and the places to inspect within
a class
Verifying In Setup Method Instead of using it in the setup method that runs before  Python/PyTest S8
each test method, use it in the setupclass method that
runs only once
Verifying In Setup Method Instead of using it in the setup method that runs before =~ Python/Unittest S8

each test method, use it in the setupclass method that

runs only once
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