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ABSTRACT

Ensuring high-quality test code is critical for the success and main-
tainability of software projects. Poorly designed tests, known as
test smells, can undermine this goal by making test code harder
to understand, maintain, and extend. Although various tools ex-
ist to detect and refactor test smells, most are tailored to specific
programming languages, limiting their effectiveness in polyglot
development environments. To overcome this limitation, we intro-
duce AromaDr, a language-independent tool capable of detecting
ten common test smells across multiple programming languages,
including C#, Java, JavaScript, TypeScript, and Python. The smells
detected by AromaDr include: Assertion Roulette, Conditional Test
Logic, Duplicate Assert, Empty Test, Exception Handling, Ignored Test,
Magic Number, Redundant Print, Sleepy Test, and Unknown Test.
Beyond its language-independent detection capabilities, AromaDr
offers several practical features: a graphical user interface for in-
tuitive interaction, precise localization of test smells within the
code, and an API that facilitates seamless integration with other
development tools. To our knowledge, AromaDr currently supports
the broadest range of programming languages among available
test smell detection tools. In addition, AromaDr provides several
features that distinguish it from other test-smell detection tools: a
graphical interface (many alternatives are command-line only), the
ability to pinpoint the exact line where each test smell occurs and
a REST API that enables seamless integration with other tools.
Video: https://zenodo.org/records/15467769
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1 Introduction

Ensuring the quality of developed software is essential for the
success of any software project [10]. One of the primary approaches
to achieving this is software testing [16]. Testing can be performed
manually or by automation [5]. Automated tests offer significant
advantages, including ease of execution and the ability to reproduce
results consistently [5].

However, when using automated tests, it is equally important to
assess the quality of the test code to ensure its continued usefulness
over time [16]. The significance of maintaining high-quality test
code is underscored by the fact that developers spend approximately
one-quarter of their time writing tests [3]. Therefore, ensuring
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test quality is crucial to avoid unnecessary costs and additional
development effort [5].

One of the key factors that can hinder the quality of test code is
the presence of test smells [8]. Test smells are poor design choices
made during the development of test code [1]. These suboptimal
practices result in test code that is more difficult to read, maintain,
and evolve [15]. Test smells may arise due to the inherent complex-
ity of the system or the limited experience of the developers [12].

This topic has gained increasing relevance in recent years, with
numerous studies exploring it and proposing tools to detect and
refactor test smells [4, 9, 10, 12, 17, 18]. Such tools are essential, as
manual detection and refactoring of test smells are often impractical
in large-scale software systems [11].

However, most existing tools are language-specific, which makes
it challenging to support additional programming languages in the
context of test smell detection [1]. To address this limitation, we
proposed a language-independent approach for detecting test smells
in a previous study [14]. 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 sev-
eral additional advantages over existing tools: (i) it provides a graph-
ical 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.
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2 AromaDr Tool

The AromaDr tool implements a language-independent approach
for detecting test smells, as proposed in our previous work [14].
To ensure broad usability and avoid dependency on specific devel-
opment environments, we developed AromaDr as a stand-alone
application rather than integrating it into existing IDEs (Integrated
Development Environments). This design choice was made consid-
ering 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.

To maximize portability, AromaDr is distributed as a container-
ized 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 As-
sert, Empty Test, Exception Handling, Ignored Test, Magic Number,
Redundant Print, Sleepy Test, and Unknown Test.

Figure 1 illustrates the architecture of AromaDr. The system con-
sists of three main components: the AromaDr Web App, the Aro-
maDr AP, and the rust-code-analysis API, a third-party tool used
to extract a Language-Independent Abstract Syntax Tree (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 Reposi-
tory Downloader and Test File Detector components (as shown in
Figure 1). 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 1). To
achieve this, we utilize Mozilla’s rust-code-analysis crate [2]. 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,
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Figure 1: AromaDr Arquitecture

Java, JavaScript, JavaScript (Firefox internals), Python, Rust, and
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 and language-
independent format (Test Data Extractor in Figure 1). This struc-
tured data serves as the foundation for subsequent test smell detec-
tion. 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 1.

In the third step, the tool utilizes the test data extracted in the
previous step to identify the presence of test smells (Test Smell De-
tector in Figure 1). 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 program-
ming language without requiring adaptation for individual source
languages.

Assertion Roulette. Algorithm 1 outlines the procedure for
detecting the Assertion Roulette test smell. This smell is identified
when the following two conditions are met: (1) a test contains more
than one assertion, and (2) at least one of these assertions lacks
an explanatory message [10]. The primary challenge is that when
a test fails, it can be hard to determine which specific assertion
triggered the failure [10].

Using the test data model presented in Listing 1, 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.



AromaDr: A Language-Independent Tool for Detecting Test Smells

interface Test {
asserts: {

literalActual: string;
matcher: string;
literalExpected: string;
message: string;

startLine : number;
endLine: number;
startColumn : number;
endColumn: number;
s
endLine: number;
events: {
endLine: number;
name: string;
startLine : number;
type: ‘'assert'
| 'print’
| 'sleep
| "unknown';
startColumn : number;
endColumn: number;
P
isExclusive: boolean;
islgnored: boolean;
name: string;
startLine : number;
startColumn : number;
statements: {
type: ‘'assignment’
| 'call’
| 'condition'
| 'exceptionHandling '
| 'exceptionThrowing '
| 'loop’
| 'other';
startLine : number;
endLine: number;
startColumn: number;
endColumn: number;
s
endColumn: number;

}

Listing 1: Test data model extract in the second step of the
AromaDr test smell detection process

Algorithm 1 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 hasSomeAssertWithoutMessage « True

7 break

8 end if

9 end for

10: return hasMoreThanOneAssert and hasSomeAssertWith-
outMessage

11: end function

Conditional Test Logic. Algorithm 2 illustrates the process for
detecting the Conditional 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) [10].

In the test data model shown in Listing 1, a parameter named
statements captures the different types of code statements found
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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 2 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 end for

7 return False

8: end function

Duplicate Assert. Algorithm 3 describes the process for de-
tecting 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 [10].

Using the test data model introduced in Listing 1, detection can
be performed by generating a unique string representation for each
assertion. This string is formed by concatenating the assertion’s
key attributes: the actual value, the expected value, and the asser-
tion matcher (e.g., equals, greaterThan, lessThan). Once these
strings are created for all assertions 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 3 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 4 presents the procedure for detecting
the Empty Test smell. This smell is characterized by the complete
absence of executable statements within a test case [10].

Using the test data model described in Listing 1, detection is
straightforward: the algorithm simply checks whether the list of
statements (representing all statements present in the test) is
empty. If the list contains no elements, the test is considered empty
and flagged accordingly.

Exception Handling. Algorithm 5 outlines the procedure for
detecting the Exception Handling test smell. This smell occurs when
a test method includes explicit exception management, such as
throw or catch clauses [10].
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Algorithm 4 Empty Test detection algorithm Algorithm 7 Magic Number Test detection algorithm

1: function DETECTEMPTYTEST(test) 1: function DETECTMAGICNUMBERTEST(test)

2 if test.statements is empty then 2: if length of test.asserts > 1 then

3 return True 3: for each assert in test.asserts do

4 end if 4 if IsNumEric(assert.literalActual) or IsNuU-

5

6:

end function

In the test data model introduced in Listing 1, 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 (represent-
ing throw statements). To detect this smell, the algorithm checks
whether the statements list contains at least one element of either
type. If so, the test is flagged as containing exception handling logic.

Algorithm 5 Exception Handling detection algorithm

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

if statement.type is exceptionHandling or
exceptionThrowing then
4 return True
5 end if
6: end for
7
8

b

return False
: end function

Ignored Test. Algorithm 6 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 [10]. 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 1)
is set to true. Therefore, the algorithm to detect this smell is simple:
it checks whether the isIgnored parameter is set to true.

Algorithm 6 Ignored Test detection algorithm

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

Magic Number Test. Algorithm 7 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 [10], also
known as "magic numbers.'

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

5 return True
6: end if

7 end for

8 end if

9: return False

10: end function

Redundant Print. Algorithm 8 outlines the process for detect-
ing the Redundant Print test smell. This smell occurs when a test
contains one or more unnecessary print statements [10].

The detection process varies depending on the programming
language used in the test. To address this, the test data model gen-
erated in the previous step (Listing 1) 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 catego-
rized. 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 8 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 end for

7 return false

8: end function

Sleepy Test. Algorithm 9 outlines the process for detecting the
Sleepy Test test smell. This smell is identified when a test includes
await or sleep command, which introduces unnecessary delays
in the test execution [10].

As part of the data model returned in the previous step (Listing 1),
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.

Unknown Test. Algorithm 10 outlines the procedure for detect-
ing the Unknown Test test smell. This smell occurs when a test
contains no assertions [10].

Detecting this test smell using the test data model derived in the
previous step (Listing 1) is straightforward. The algorithm simply
checks whether the list of assertions is empty. If it is, the test is
flagged as an Unknown Test.
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Algorithm 9 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 end for

7 return false

s: end function

Algorithm 10 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

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 [13]. 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 2 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 test files from the specified repository and perform the
smell detection across the entire project.

AromaDR

Alanguage-independent 100l to detect test smells.

Detoct on & Project Detect Test Smells on a File

Language and Framework

C# -xUnit

Tost File Content

© 2025 AromaDR. Al ighis reserved.

Figure 2: AromaDr Initial View (File Mode)

After clicking the Detect Test Smells button in file mode, the
identified test smells are displayed, as shown in Figure 3. The bottom
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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.

Detect Test Smells on a File

Figure 3: AromaDr File Mode Test Smell Detection

Figure 4 shows the results of test smell detection using the project
mode. The output is similar to that of file mode, with some addi-
tional 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.

Figure 4: AromaDr Project Mode Test Smell Detection

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.

4 Comparison with other Tools

Several tools have been proposed for detecting and refactoring test
smells. For our comparison, we selected (i) at least one tool that
supports a language also handled by AromaDr and (ii) another
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language-independent tool. The rest of this section compares these
tools with AromaDr in terms of their capabilities.

TsDetect is a command-line tool for detecting test smells in
Java projects using the JUnit testing framework [10]. 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 [18]. 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, Gen-
eral 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 devel-
opment 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 in-
tegration. 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 frame-
work [9], 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 Un-
known 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 AromaDr, the only tool supporting
JavaScript is STEEL [6]. STEEL detects 15 test smells, including
Assertion Roulette, Conditional Test Logic, Eager Test, Lazy Test, Du-
plicate Assert, Magic Number Test, Redundant Print, Empty Test,
Exception 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 [7] is another tool claiming language
independence, supporting C, C++, C#, and Java. It detects seven
test smells: Assertion Roulette, Conditional Test, Duplicate Assert,
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Empty Test, Exception Handling, Magic Number, and Unknown Test.
SniffML requires a GitHub project URL for detection, a feature we
also implemented to analyze entire projects. Our tool offers several
advantages over SniffML. It supports a wider range of programming
languages, detects all the code smells identified by SniffML (plus
three additional ones) and provides a graphical user interface, in
contrast to SniffML’s command-line interface. Another key benefit
is that SniffML relies on the srcML tool to extract an XML rep-
resentation of the test code, which currently supports only four
languages. In contrast, our tool uses a more versatile extractor to
generate the LAAST (Language-Agnostic Abstract Syntax Tree),
which supports a significantly larger number of languages and can
be extended to accommodate even more in the future [2].

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, Type-
Script, 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 writ-
ten in any supported language) and researchers (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.

Future work will focus on extending support to additional pro-
gramming languages and broadening the set of detectable test
smells. We also plan to introduce language-independent refactoring
capabilities, enabling both researchers and practitioners to more
effectively improve the quality of their test code. Additionally, we
aim to integrate our tool with popular configuration management
platforms such as GitHub and GitLab, and to evaluate its practical
impact through real-world usage by developers.

ARTIFACT AVAILABILITY

We provide our data and artifacts under open licenses at: https:
//github.com/publiosilva/aromadr
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