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ABSTRACT
Test smells, anti-patterns in test code, have emerged as key indi-
cators of test quality, attracting significant attention in software
engineering research. Automated detection of test smells is cru-
cial for maintaining effective and readable test suites, yet existing
tools often lack comprehensive language support. At the same time,
sentiment analysis is gaining prominence as a technique for un-
derstanding developers’ emotional states during coding activities,
providing deeper insights into software quality. Motivated by these
research gaps, we present DNose, the first dedicated tool for detect-
ing test smells in Dart-based projects. DNose identifies 14 types of
test smells, correlates their introduction with developer sentiment
derived from commit messages, and provides integrated insights
into test code quality and developer emotions. Our approach con-
tributes to enhancing test maintainability while illuminating emo-
tional aspects of software development practices. Link to the video:
https://youtu.be/fCYdDZA8Hkg.
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1 Introduction
The increasing dependence of society on software systems has
amplified the consequences of software failures, making robust
software quality essential [3, 33]. Recent reports estimate the global
cost associated with poor-quality software at approximately $2
trillion annually [4]. This highlights the critical need for effective
software testing practices capable of identifying and addressing
issues early in the development lifecycle [12, 21, 31].

A core aspect of modern software engineering is maintaining
test suites that evolve in tandemwith production code. High-quality
test code facilitates continuous development, minimizes regression
risks, and reduces long-term maintenance costs [13, 39]. However,
maintaining such quality often demands additional development
time and resources, which can introduce inefficiencies if improperly
managed.

Previous research has extensively addressed code anti-patterns,
widely known as code smells, and their impact on software maintain-
ability [8, 38, 40]. Recent studies have extended this investigation
to anti-patterns specifically present in test code, known as test
smells [6, 15, 18, 22, 35]. Test smells degrade test readability and
maintainability, raising the risk of faults propagating into produc-
tion [1, 12].

To address these issues, researchers have developed test smell
taxonomies and detection techniques for multiple programming
languages, including Java [23, 36], Scala [5], JavaScript [20], and
Python [9, 37]. This body of work has led to several automated
tools designed to facilitate test smell detection and fixing [9, 20, 34].

Complementing this technical approach, sentiment analysis has
emerged as a valuable tool in software engineering, helping to cap-
ture developer emotions embedded within textual artifacts such
as commit messages [7, 29]. Originally applied in consumer feed-
back analysis, sentiment analysis is now leveraged to understand
how emotions influence software developers’ productivity, decision-
making, and collaboration dynamics [14]. A commonly employed
sentiment resource is the AFINN-165 wordlist [19], widely recog-
nized for effectively scoring emotional polarity in text.

Integrating these insights, this paper introduces DNose, an in-
novative tool specifically developed for detecting test smells in
Dart-based software projects and correlating their occurrence with
developer sentiment. DNose identifies commits responsible for in-
troducing test smells and analyzes commit messages to gain emo-
tional context surrounding these insertions, providing deeper in-
sights into test quality issues.

The significance of this research is highlighted by the expanding
role of mobile software applications and cross-platform frameworks
in the digital economy [11, 25, 28]. Frameworks like Flutter (Google),
React Native (Meta), and Kotlin Multiplatform (JetBrains) have sig-
nificantly influenced mobile development, reducing development
costs and simplifying maintenance through cross-platform sup-
port [32]. Dart, the language behind Flutter, has gained substantial
traction, highlighting a clear gap in dedicated tools for test smell
detection specific to Dart-based applications.

To address this gap, we present DNose, developed entirely in
Dart as a lightweight, web-based application. DNose provides au-
tomated detection of 14 test smell types, performs static code and
statistical analyses, and integrates sentiment analysis, offering a
comprehensive approach to improving test quality in Dart projects.

Contributions. The primary contributions of this paper are:

• DNose, the first Dart-native tool for detecting test smells in
Dart-based projects.

• Integration of sentiment analysis with test smell detection
to enrich understanding of developer behavior.

• Empirical evaluation of DNose using a real-world Dart project,
illustrating its effectiveness and utility.

The remainder of the paper is structured as follows. Section 2 in-
troduces and describes the test smells detected by DNose. Section 3
details DNose’s architecture and workflow. Section 4 provides a
practical usage example. Section 5 compares DNose to existing de-
tection tools, and Section 6 concludes the paper with future research
directions.

2 Test Smells
Test smells were first introduced by Deursen et al. [6] and have
since become a well-established means of assessing software test
quality [2, 16, 17, 24, 26, 27, 30, 31]. These smells represent poor
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Figure 1: Schematic overview of the DNose process.

practices in test code that may compromise its readability, main-
tainability, or effectiveness. Over the years, an extensive catalog
of test smells has been compiled across different programming
languages [10].

Below, we describe the 14 types of test smells currently detected
by the DNose tool:

• Assertion Roulette (AR): Occurs when a test contains mul-
tiple expect statements without descriptive messages. This
makes it harder to identify which assertion failed, reducing
test clarity and maintainability.

• Conditional Test Logic (CTL): Refers to the presence of
conditional statements (e.g., if, switch) in test code. Such
logic can lead to inconsistent behavior and potentially mask
defects.

• Duplicate Assert (DA): Happens when the same function
or condition is asserted multiple times within a single test,
introducing redundancy and clutter.

• Empty Test (ET): Represents a test method that contains
no executable code, suggesting incomplete implementation
or oversight.

• Exception Handling (EH): Occurs when the correctness
of a test depends on exceptions thrown by the production
code, which can obscure test intent and lead to brittle tests.

• IgnoredTest (IT): Tests that are explicitly disabled or skipped
may indicate unfinished work or obsolete test cases, increas-
ing the maintenance burden.

• Magic Number (MN): The use of unexplained numeric liter-
als in test code can obscure meaning and reduce readability.
Such values should be replaced with named constants.

• Print Statement Fixture (PSF): The use of print statements
in test code is unnecessary and considered a poor practice
in automated testing environments.

• Resource Optimism (RO): Assumes that external resources
(e.g., files, databases, network connections) are available
without verifying their presence, potentially causing tests to
fail unexpectedly.

• Sensitive Equality (SE): Involves comparing objects using
methods like toString(), which may not reliably reflect
object equivalence and can lead to fragile tests.

• Sleepy Fixture (SF): Relies on hard-coded delays (e.g., sleep
calls) to wait for system responses, making tests slower and
less reliable across platforms.

• Test Without Description (TWD): A test that lacks a de-
scriptive name or annotation makes it harder to understand
its purpose, reducing readability.

• Unknown Test (UT): A test method that does not contain
any assertions, thereby failing to verify any expected behav-
ior or outcome.

• Verbose Test (VT): Tests that exceed 30 lines of code may
suffer from low readability and high complexity, making
them harder to maintain.

3 DNose Tool
This section introduces DNose, the tool developed to support this
study. DNose enables automated detection of 14 test smell types
in Dart-based projects and provides additional insights through
sentiment analysis, static code metrics, and developer activity anal-
ysis. Below, we describe its architecture, features, and operational
workflow.

3.1 Workflow Overview
Figure 1 illustrates the DNose processing pipeline. The workflow
begins with project selection, where users submit one or more Dart
repositories, optionally via GitHub URLs. Once loaded, and after
project selection, the test files are identified and filtered using the
"_test.dart" suffix, which is a convention commonly used in the
Dart language to designate test files.

• Test Smell Detection: Identifies recurring anti-patterns in
test code that may hinder maintainability or readability.

• Sentiment Analysis: Analyzes commit messages associ-
ated with test smells using the AFINN-165 wordlist to infer
developer sentiment. To identify the commits responsible
for the test smells, we used Git’s blame feature.

• Structural Metadata Extraction: Collects contextual data
from the codebase, such as commit authorship, method loca-
tion, and other relevant attributes.

• LLM Recommendations:1 Test smell recommendations
using three types of LLMs, Gemini, ChatGPT and Ollama.

The outputs are consolidated into a structured dataset, enabling
further processing for: (i) Export to CSV files for further analysis; (ii)
Visualization of test smell metrics and distributions; and (iii) Local
persistence via an embedded SQLite database2 for future queries.

1LLM Recommendations outputs a stream in a separate window, and its data is not
merged into the final dataset.
2https://www.sqlite.org/

https://www.sqlite.org/
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3.2 User Interface and Data Output

Figure 2: Home screen of the DNose application

Figure 2 shows the DNose home screen. The top navigation menu
provides access to modules: Home, Projects, Recommendations, Set-
tings, and About. Users can process selected repositories or batch-
process all listed projects. A lower panel displays previously ana-
lyzed projects, alongside downloadable CSV and SQLite files.

The generated artifacts include:

• CSV1: project_name, test_name, module, path, testsmell,
start, end, commit, lineNumber, commitAuthor, author,
dateStr, timeStr, summary, score, comparative, words.

• CSV 2: test_smell, qtd.
• Metrics 1: project_name, test_name, module, path,
metric, start, end, value, commit.

• Metrics 2: Expanded metrics including control-flow and I/O
constructs (e.g., if, for, expect, print, try) and their
test-level variants.

• Database: SQLite database with four core tables: commits,
filestests, metrics, testsmells.

Figure 3 displays statistical summaries computed for each test
smell across all selected projects, including metrics such as mean,
median, standard deviation, RMS, min/max, and sum.

Figure 3: Screen of the statistical overview of test smell oc-
currences

3.3 Project Cloning and Repository
Management

Figure 4 shows the interface for cloning repositories from GitHub.
Users may enter one or multiple URLs, and initiate cloning via a ded-
icated button. The repositories are downloaded to the .dnose/projects
directory for further analysis.

Figure 4: Repository cloning interface
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3.4 LLM-based Recommendations for Test
Smells

To assist with the remediation of detected test smells, DNose in-
cludes a Recommendations interface (Figure 5) that integrates with
three LLM platforms: Gemini3, ChatGPT4, and Ollama5—the latter
supporting offline inference.

Users can filter test smells by type and generate recommen-
dations by selecting the corresponding code snippets. DNose dis-
plays the affected method (left panel) and the generated solution
(right panel). The prompts are configurable in the Settings interface
(Figure 6), and support two placeholders: {testSmellName} and
{code_full}, dynamically replaced at runtime.

Figure 5: Recommendations page: LLM-based recommenda-
tions for refactoring

3.5 Configuration and Environment Variables
LLM integration parameters can be specified via environment vari-
ables, as shown in Listing 1. These control API access and model
selection.

Listing 1: Environment variables for LLM configuration
API_KEY_GEMINI=XXXXXXXXXXXXXXXXXXXXXXXXXXXXX
API_KEY_CHATGPT=XXXXXXXXXXXXXXXXXXXXXXXXXXXX
OLLAMA_MODEL= l l ama3

• API_KEY_GEMINI: API key for Gemini access.
• API_KEY_CHATGPT: API key for ChatGPT access.

3https://gemini.google.com/
4https://chat.com/
5https://ollama.com/

• OLLAMA_MODEL: Model name used with the Ollama runtime
(e.g., llama3).

Figure 6: Settings interface: prompt configuration and API
setup

4 Example of Use
The Dart programming language maintains an official package
repository, pub.dev6, which hosts thousands of libraries and projects.
For this study, we selected the Flutter project, which is currently the
largest and most prominent project written in Dart, and the most
widely adopted framework for cross-platform mobile application
development [32].

Flutter is an open-source UI toolkit developed by Google, and it
boasts a highly active community: the project has over 170,000 stars
on GitHub, more than 28,000 forks, and contributions from over
1,500 developers7. Beyond a visual framework, Flutter encompasses
a comprehensive software stack, including a rendering engine, com-
pilers, build system, native platform integration, and a complete
development toolchain.

Its robust architecture and widespread adoption make it a rep-
resentative and relevant case study. Flutter is used by Google in
several of its products and is also employed by prominent compa-
nies such as Alibaba, Nubank, eBay, Philips, and The New York
Times, among others.

4.1 Results
In this section, we present the results found by the tool for the
Flutter project. Initially, DNose provides us with a Table 1 contain-
ing statistical data about the detected test smells. For each type of
test smell, we have the Mean, Standard Deviation, Median, Square
Mean, Minimum, Maximum, and Square Sum.

6https://pub.dev
7https://github.com/flutter/flutter

https://gemini.google.com/
https://chat.com/
https://ollama.com/
https://pub.dev
https://github.com/flutter/flutter
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Table 1: Descriptive Statistics for Detected Test Smells in the Flutter Project

Test Smell Mean Standard Deviation Median Square Mean Min Max Square Sum

Assertion Roulette 25.55 79.71 3 7006.07 0 1502 68145
Conditional Test Logic 1.04 4.24 0 19.09 0 85 2772
Duplicate Assert 48.61 154.19 5 26138.04 0 2814 129644
Empty Test 0.00 0.04 0 0.00 0 1 4
Exception Handling 0.32 2.04 0 4.26 0 64 848
Ignored Test 0.02 0.22 0 0.05 0 8 43
Magic Number 31.00 103.95 1 11766.42 0 2139 82680
Print Statement Fixture 0.02 0.26 0 0.07 0 7 48
Resource Optimism 0.27 1.51 0 2.35 0 31 708
Sensitive Equality 0.44 2.74 0 7.69 0 93 1162
Sleepy Fixture 0.01 0.21 0 0.05 0 10 17
Unknown Test 0.49 2.76 0 7.83 0 71 1297
Verbose Test 0.52 2.35 0 5.80 0 52 1390

Figure 7: Occurrences of test smells by type

Figure 7 displays the distribution of test smells by type. The
three most frequently identified test smells in the Flutter project
were: Duplicate Assert, Assertion Roulette, and Magic Number, indi-
cating a pattern of repeated assertions and insufficiently descriptive
validations in test code.

Figure 8: Test smell occurrences by author

Figure 8 presents the number of test smells attributed to each
developer. One contributor introduced over 80,000 test smells, sug-
gesting either a high volume of contributions or potentially lower
adherence to test quality guidelines.

Figure 9: Developers with the highest cumulative negative
sentiment

Figure 9 highlights the developers whose commit messages, asso-
ciated with test smell insertions, reflected the most negative senti-
ment. This correlation can offer insights into developer frustration,
stress, or dissatisfaction during test implementation.

Figure 10: Average sentiment by type of test smell

In Figure 10, we examine the sentiment scores associated with
each type of test smell. The smell type with the strongest negative
sentiment was Duplicate Assert, followed by Magic Number and
Assertion Roulette. These results may reflect developer frustration
with redundant validations and ambiguous test logic.
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Table 2: Developer activity period based on first and last
commits

Beyond the detection of test smells and sentiment analysis, DNose
also provides metadata about developer engagement. Table 2 lists
developers along with the start and end dates of their contributions,
allowing us to estimate the duration of their activity in the project.

Table 3: Number of commits by developer

Table 3 complements the previous table by showing the total
number of commits made by each contributor. Together, these tables
help contextualize the relationship between developer activity and
test quality.

5 Comparison with Similar Tools
Several tools have been proposed for detecting test smells, partic-
ularly in the Java programming language. TsDetect [1] is a state-
of-the-art tool that identifies twenty-one types of test smells. It
operates via the command line and returns only a boolean value
indicating the presence or absence of each smell in the test code,
offering no graphical interface, which limits its usability.

JNose [34], another tool for Java, was initially developed based
on TsDetect. It improves upon its predecessor by detecting twenty-
four types of test smells and providing a graphical user interface.
JNose also enhances user feedback by displaying the specific lines
where smells occur.

In contrast, DNose addresses a previously unserved need by fo-
cusing on the Dart language. While it offers a GUI comparable to
JNose, DNose goes beyond by integrating features not available in
either Java tool. These include statistical summaries, interactive

charts, static code metrics (e.g., line count, cyclomatic complex-
ity), sentiment analysis, and insights into developer experience—all
within a unified interface.

Beyond Java andDart, other tools include TEMPY [9] and PyNose
[37] for Python, and SNUTS.js [20] for JavaScript. TEMPY and
SNUTS.js offer local web-based interfaces, whereas PyNose is inte-
grated as a plugin for the PyCharm IDE. However, these tools are
generally limited to basic test smell detection.

In summary, DNose distinguishes itself not only by supporting a
different programming language but also by providing a more com-
prehensive and user-friendly solution, offering advanced features
that go beyond detection to support analysis and decision-making
in test code maintenance.

6 Conclusion
This paper introduced DNose, a novel tool designed to support the
analysis of test code quality by integrating test smell detection,
sentiment analysis, static code metrics, and developer activity in-
sights. DNose currently detects 14 types of test smells and performs
sentiment analysis using the AFINN-165 wordlist. It also computes
key static metrics, such as Lines of Code (LOC) and Cyclomatic
Complexity. One of the tool’s distinguishing features is its ability to
correlate test smells with emotional tone in commit messages and to
analyze the relationships between developers and the introduction
of test smells.

To demonstrate DNose’s capabilities, we applied it to Flutter,
the largest project developed in Dart and the most popular cross-
platform mobile app framework. We analyzed the distribution of
test smells across the project, extracted descriptive statistics (mean,
median, and standard deviation), and examined associations be-
tween test smells and negative sentiments. Our findings identified
which developers were most responsible for introducing test smells
and the sentiment trends associated with those insertions. Addi-
tionally, we gathered developer-level insights, such as the number
of commits and active periods within the project.

As future work, we plan to expand DNose’s functionality by: (i)
increasing the number of detectable test smell types, (ii) replacing
the generic sentiment wordlist with one specifically tailored to
the software engineering context, (iii) incorporating suggestions
powered by large language models (LLMs) to support automated
or semi-automated test smell resolution, (iv) broadening the set of
collected code metrics to enhance the tool’s analytical capabilities,
and (v) conducting a study on the tool’s accuracy and precision in
detecting test smells.
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