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Abstract

Unit test quality is a critical concern in software engineering, as
anti-patterns in test code (known as test smells) compromise main-
tainability and reliability of test suites. The rapid evolution of Large
Language Models (LLMs) has motivated their application to this
domain, yet the pace of model releases renders point-in-time empir-
ical studies quickly outdated. In this paper, we develop NoseSense,
a benchmark designed to enable systematic and reproducible evalu-
ation of LLMs for test smell detection. We mined 1,275 open-source
Java repositories, applied the JNose static analysis tool to curate a
balanced dataset of 1,100 real test smell instances, and evaluated six
state-of-the-art models through a dedicated automated tool. The
results indicate that model scale and generation significantly im-
pact performance: Gemma-4-31B-it achieved the highest accuracy
(67.36%), whereas the smaller-scale Gemma-3n-E4B-it achieved
38.55%. NoseSense provides a robust and reproducible foundation
for monitoring LLM capabilities in software quality assurance, with
a publicly available dataset, replication package, and benchmark
implementation.
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1 Introduction

The rapid evolution of Large Language Models (LLMs), driven by the
emergence of Transformer-based architectures such as BERT [5],
PaLM [4], and LLaMA [19], has promoted significant advances
in research focused on their application in various fields, such as
medicine [9, 11], engineering [6, 8, 12], and computing [14, 23]. This
is due to their ability to understand, reason, and communicate in
natural language, and to solve diverse tasks in contrast to previous
models that were limited to solving specific tasks [3, 15].
Research on the use of LLMs in Software Engineering has grown
rapidly in recent years [15]. Among these studies, several focus
on software quality, highlighting the potential of LLMs to support
quality assurance activities. Among these, recent studies have ex-
plored the use of LLMs for test refactoring, test generation, and
the detection of test smells and errors [17, 18, 22]. However, the
rapid evolution of these models means that empirical findings can
quickly become outdated as new and more capable versions are
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continuously released [3, 15]. Most existing studies rely on em-
pirical comparisons between two or more LLMs to evaluate their
performance on specific software engineering tasks [3, 22].

To evaluate LLMs, the literature commonly structures the evalua-
tion process around four key elements: tasks, datasets, metrics, and
benchmarks [3]. Among these, benchmarks play a central role by
providing standardized environments for assessing and comparing
model performance. More broadly, benchmarks are widely adopted
to compare software and hardware systems, as well as to evaluate
methodological approaches in a fair and reproducible manner [20].

To address this challenge, we develop a benchmark for evaluat-
ing and comparing multiple LLMs with respect to unit test quality.
Specifically, the benchmark assesses the ability of LLMs to iden-
tify anti-patterns in unit test code, commonly referred to as test
smells. These anti-patterns indicate deficiencies in test code that
may compromise its maintainability, readability, or effectiveness
over time [1].

To demonstrate the applicability of the proposed benchmark,
we conducted a case study involving the most widely used LLMs
available at the time of this study. The results reveal substantial per-
formance differences among the evaluated models. Gemma-4-31B-it
achieved the highest accuracy (67.36%), followed by GPT-OSS-120B
(62.09%) and GPT-OSS-20B (58.73%), whereas Gemma-3n-E4B-it
achieved the lowest accuracy (38.55%). To support reproducibil-
ity and enable the evaluation of future LLM releases, we publicly
provide the dataset, replication package!, and benchmark imple-
mentation?.

To guide our empirical evaluation, we define three research
questions. RQ1 investigates how effectively state-of-the-art LLMs
identify and classify test smells. RQ2 compares the performance
of different LLMs, both overall and for individual test smell types.
Finally, RQ3 examines how model characteristics, including scale
and architecture, influence performance in test smell detection.

The remainder of this paper is organized as follows. Section 2
presents the theoretical background on LLMs, benchmarking, and
test smells. Section 3 reviews the related work. Section 4 describes
the research methodology, covering data collection, static analysis,
and prompt engineering. Section 5 presents the NoseSense tool and
its evaluation pipeline. Section 6 presents and discusses the results.

!https://zenodo.org/records/20941814
Zhttps://github.com/arieslab/NoseSense
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Section 7 discusses the threats to validity, and Section 8 concludes
the paper.

2 Background

2.1 Large Language Models

Large Language Models (LLMs) are language models trained us-
ing machine learning on large text corpora to generate appropriate
responses in natural language based on a user’s prompt. LLMs repre-
sent a paradigm shift in artificial intelligence, going beyond natural
language processing (NLP) to understand, reason, and converse
with humans about topics in various domains [2, 15].

The rapid evolution of LLMs has had a significant social impact
and sparked great interest in both academia and industry, driven by
the accessibility of tools like OpenAI’s ChatGPT and Google’s Gem-
ini [25]. Because of their ability to solve a wide range of problems,
the use and popularity of these technologies continue to expand, as-
sisting research, increasing productivity in text-intensive tasks, and
boosting the economy [3, 25]. At the same time, this widespread
adoption increases the need for rigorous evaluation, as incorporat-
ing LLMs into critical workflows requires a clear understanding of
their limitations, biases, and reliability.

In this work, the six language models evaluated were selected
based on six main criteria to ensure a robust and comprehensive
evaluation. First, we considered provider diversity by choosing
three distinct families (GPT-OSS, Gemma, and Qwen) from differ-
ent organizations such as OpenAl, Google, and Alibaba respectively,
which reduces the biases inherent in a single training strategy or
alignment method. Second, scale diversity was prioritized, span-
ning from a few billion parameters (e.g. Gemma-3n-E4B-it with
~4B parameters) to over 100 billion parameters (e.g. Qwen-3-235B
and GPT-0SS-120B), allowing us to investigate whether increased
capacity correlates with test smell detection capabilities. Third,
within-family comparisons between models of the same family
(such as GPT-OSS-120B vs. GPT-OSS-20B) to minimize training
differences and isolate the scale variable. Fourth, architectural di-
versity by including both dense models and Mixture-of-Experts
(MoE) approaches. Fifth, open and reproducible models with open
weights or official availability to facilitate replication. Finally, rele-
vance to code and reasoning of the models, as their specifications
highlight advanced programming and structured reasoning capabil-
ities, which are critical for analyzing complex Java code structures.

Table 1 provides the key characteristics and specifications of the
evaluated language models.

Table 1: Key Characteristics and Specifications of the Evalu-
ated Models

Model Name Family Provider Architecture Access Params

GPT-0SS-120B GPT-OSS  OpenAI Dense API (Open Weights) 120B

GPT-0OSS-20B GPT-0SS  OpenAl Dense API (Open Weights) 20B

Gemma-4-31B-it ~ Gemma Google Dense API (Open Weights) 31B

Gemma-3n-E4B-it Gemma Google Dense API (Open Weights) ~4B

Qwen-3-235B Qwen Alibaba MoE API (Open Weights) 235B (22B active)
)

Qwen-3.5-9B Qwen Alibaba Dense API (Open Weights 9B
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2.2 Benchmarking

Benchmarks are tools designed to compare systems and compo-
nents according to specific factors such as performance, effec-
tiveness, or efficiency. In computer science, benchmarking has
become well-accepted for evaluating and comparing competing
products [20].

The main characteristics of a good benchmark include relevance,
reproducibility, fairness, verifiability, and usability [20]. A robust
benchmark guides the model development process while supports
identify limitations, biases, and possible regressions that may arise
during adaptation [15].

In the context of LLMs, benchmarking is essential because it
allows us to quantify an LLM’s performance across various tasks
and domains using standardized metrics [7]. As LLMs are imple-
mented in different spheres, benchmarking has evolved from static
measurements of precision to multi-dimensional general-purpose
evaluations [15].

2.3 Test Smells

Test smells are indicators of potential problems in test code, pri-
marily found in unit tests [1, 26]. Although common, test smells
represent a significant vulnerability for source code maintainability,
as they hinder the programmer’s understanding during mainte-
nance activities [1]. Even though they are similar to code smells,
Van Deursen et al. [21] point out that test smells have their own set
of problems and solutions, classifying eleven distinct types. Other
works have proposed new types of test smells [13] and verified their
co-occurrence [16]. For the automatic detection of these patterns
in Java code, we use JNose [24], a static analysis tool developed
specifically to identify test smells in Java projects. JNose is used
in Phase 2 of our methodology to generate the benchmark oracle
(i.e., the set of correct labels for each code snippet evaluated by the
LLMs) and is not part of the NoseSense execution platform itself.
The evaluated test smell types are summarized in Table 2.

Table 2: Descriptions of Test Smell Types Evaluated

Test Smell Description

Assertion Roulette Multiple assertions without description, making it difficult

to know which one failed.

Magic Number Test Undocumented numerical parameters passed directly to
assertions or methods.

Eager Test Verifies multiple methods of the object under test, reducing
the focus of the test.

Ignored Test Inactive or disabled test in the suite via annotation (e.g.,
@Ignore).

Unknown Test Test without any assertion, making its actual verification

goal obscure.

Excessively long test method (30 or more lines of code),
increasing complexity.

Conditional Test Logic Conditional logic (e.g., if/ else or loops), reducing deter-
minism.

Repeated verifications of the same condition redundantly
within the same test.

Test that relies on manual catching or throwing of excep-

Verbose Test

Duplicate Assert

Exception Catching

tions.

Sensitive Equality Fragile assertions based on textual representation (
toString()).

None Test free of smells, serving as control for the benchmark.

Motivated by the rapid evolution of LLMs and the limited lifes-
pan of conventional empirical evaluations, this paper proposes a
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benchmark for assessing the ability of LLMs to automatically detect
test smells. Our approach builds on the recent advances of LLMs in
code analysis and semantic understanding, exploring their poten-
tial to support test quality assessment. The benchmark enables a
systematic evaluation of models from different providers and scales,
making it possible to compare their effectiveness on the test smell
detection task while also investigating the influence of prompt
design. By providing a publicly available dataset, a reproducible
evaluation methodology, and an extensible evaluation framework,
the benchmark supports continuous comparisons as new models be-
come available, contributing to research on automated test quality
assessment.

3 Related Work

This section presents related work on the use of LLMs in soft-
ware engineering, emphasizing research on software quality and
benchmarking. By the time we wrote this work, we found no other
benchmarks focused solely on evaluating LLMs for test smells.
Therefore, we discuss studies that explore the application of LLMs
in test code verification tasks, and works that propose benchmarks
for evaluating models in this context.

The work of Velasco et al. [22] introduces CodeSmellEval, a
benchmark aimed at measuring the propensity of LLMs to gen-
erate code smells in code generation tasks. For this purpose, the
authors propose the Propensity Smelly Score (PSC) metric and pro-
vide a specialized dataset (CodeSmellData), structured to analyze
model behavior under different types of smells. The study demon-
strates the application of the benchmark on two reference LLMs,
CodeLlama and Mistral, and discusses how the PSC goes beyond
traditional accuracy metrics, offering a more direct view of the
quality of code produced. These elements make their work relevant
as a methodological basis for evaluations addressing the quality
and reliability of code generated by LLMs [22].

With a focus on anti-pattern detection, the work of Silva et
al. [18] presents an initial exploration of the effectiveness of Chat-
GPT in identifying code smells in Java projects. The authors utilize
a dataset covering four types of smells (Blob, Data Class, Feature
Envy, and Long Method), alongside prompts with different levels
of specificity, and evaluate performance using precision, recall, and
F-measure metrics. The study shows that the instruction format
influences results and indicates higher effectiveness in detecting
smells of critical severity, which reinforces the potential (and limi-
tations) of using LLMs in code quality tasks [18].

Another test-focused benchmark was developed by Silva et
al. [17], comparing large-scale LLMs, such as ChatGPT and Gem-
ini, with small-scale open-weights models in terms of the number
of generated tests and their quality. Their results show that some
small-scale models are comparable to large-scale ones, producing
a similar quantity of tests, with fewer smells and better mutation
scores in certain cases [17].

Our work differs from previous studies in three main aspects.
First, while Velasco et al. [22] evaluate the propensity of LLMs to
generate code smells and Silva et al. [17] focus on the quantity and
quality of tests generated by LLMs, our benchmark addresses the
inverse problem: the capacity of the models to detect pre-existing
test smells in the source code of real projects. Second, unlike Silva

SAST 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

et al. [18], who analyze general code smells in Java using a single
model (ChatGPT), we expand the scope to multiple state-of-the-art
LLMs and restrict the analysis to the category of test smells, provid-
ing a more focused and reproducible evaluation framework. Third,
we anchor the benchmark dataset on real open-source projects,
ensuring ecological validity, and we encapsulate the entire evalu-
ation pipeline, from sending prompts to collecting results, in an
automated and reusable benchmarking application. This design
simplifies the integration of new models, allowing the benchmark
to keep pace with the rapid evolution of LLMs.

4 Methodology

In this section, we present the research methodology, covering data
collection, processing, curation, and prompt engineering. The ob-
jective is to provide a clear and replicable view of the experimental
design, ensuring transparency and robustness of the benchmark.

Phase 1 — Collection and Filtering

‘901(H\|b01gs. H 1,473 repos H Filtering H 236k test files 4‘ Cleaning H 1,275 projects

l Phase 2 — Detection and Processing

‘ Nose H 788,560 smells a‘ CSV (awk) H SQLite ‘

l Phase 3 — Curated Selection

‘ Top 10 Smells H Sampling ‘a

Gold Set (1,100)

1 Phase 4 — Prompt, Execution and Results

‘ Prompt Eng. }_,

Async. Execution »‘ LLMs H CSV and DB Results

Re-execution
(API Errors)

Figure 1: Overview of the NoseSense study methodology

4.1 Collection and Filtering

4.1.1  Selection and Cloning. The experiment comprises four main
phases: (1) Collection and Filtering, (2) Detection and Processing,
(3) Dataset Curation, and (4) Execution and Analysis. Each phase is
composed of specific steps, which will be detailed below.

As Figure 1 shows, the initial phase of this study consisted of
selecting the repositories that make up the dataset. To select the
projects, we first randomly selected organizations that had reposi-
tories in the Java language on Github, in total, there were 9 orga-
nizations, which are listed in Table 3. We focused on Java projects
because Java is the programming language most frequently studied
in the test smell literature [1, 13]. Moreover, Java benefits from
mature static analysis tools, such as JNose [24], which facilitate the
construction and validation of the benchmark.

Data extraction and processing were carried out using the Python
Data Analysis Library (Pandas for short)?, allowing structured read-
ing of the listed URLs. Interaction with the version control system

3https://pandas.pydata.org/
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Table 3: Organizations from which repositories were col-
lected

Organizacdo URL (GitHub)

Apache https://github.com/apache
Elastic https://github.com/elastic
Eclipse https://github.com/eclipse
Google https://github.com/google
Hibernate https://github.com/hibernate

JUnit https://github.com/junit-team

Mockito https://github.com/mockito
Spring https://github.com/spring-projects
Square https://github.com/square

was implemented via the native subprocess module, which itera-
tively executed the git clone command for each valid entry. The
script included exception handling mechanisms to manage inacces-
sible repositories or invalid links, ensuring that occasional failures
did not interrupt the execution flow.

At the end of the procedure, the successful projects were stored
locally in the "Projects” directory, constituting the raw base for the
subsequent filtering and analysis steps.

4.1.2  Filtering. After the cloning step, the tracking and cataloging
of test files contained in the repositories was carried out. The ex-
traction was performed using the find utility (POSIX standard*) for
a recursive scan in the directory tree of each project. The procedure
was automated as shown in the code:

1| find . -type f -name "xTestx*.java" > file.csv
find . -type f -name "*testx*.java" >> file.csv

N

Listing 1: Bash command to list Java test files and save to
CSV.

The script’s operation followed strict criteria to ensure the in-
tegrity of the collection. The search was started from the root
directory (.), using the -type f predicate to restrict the results
exclusively to regular files, eliminating noise such as directories or
symbolic links that could coincide with the naming.

For file identification, the -name parameter was used with match-
ing patterns (globbing) protected by quotes, ensuring that the in-
terpretation of wildcards was performed by the utility during re-
cursion, and not by the shell. The data persistence strategy used
output stream redirection in two steps: first, the overwrite operator
“>" initialized the file file.csv with the results of the PascalCase
convention (Test); second, the append operator “>>" added the
results of the lowercase convention (test) to the end of the same
file without overwriting the previously collected data.

This incremental approach allowed all naming variations to be
consolidated into a single dataset, resulting in the final identification
of 236,740 test files.

4.1.3  Directory Cleaning. Still in Phase 1, as shown in Figure 1,
with the aim of ensuring the relevance of the sample and optimiz-
ing storage resources, the cloned repositories that did not contain

4IEEE Std 1003.1 - The Open Group Base Specifications: https://pubs.opengroup.org/
onlinepubs/9699919799/
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verifiable test artifacts were removed. To operationalize this step, a
Bash automation script was developed, designed to compute the
difference between the set of physically present directories and the
subset of previously validated projects.

The cleaning algorithm was structured in four main logical steps.
First, qualified project identification processed the list-tests.csv
file to extract unique names (in the organization/project format) of
repositories that have been proven to contain test files. Second, local
mapping scanned the file system to list all currently cloned project
directories. Third, discrepancy calculation applied set operations
using the grep tool to identify the symmetric difference, isolating
repositories that existed locally but were not on the list of qualified
projects. Finally, controlled deletion physically removed directories
identified as invalid, incorporating a mandatory manual validation
step as a safety measure before executing the permanent deletion
command.

The application of this procedure resulted in a significant reduc-
tion of the sample space, eliminating noise in the database. From
the initial total of 1,473 cloned repositories, 198 were discarded due
to the absence of test coverage, resulting in a final consolidated
dataset of 1,275 projects.

4.2 Detection and Data Processing

4.2.1 Abstract Syntax Tree (AST) Analysis Tool. For the step of
identifying and classifying test smells, the JNose tool [24] was used.
JNose is a static analysis solution designed to detect the presence of
anti-patterns in Java test code, available in an open repository®. The
tool performs parsing of the source code and generates structured
reports, detailing the location and typology of the anomalies found.

Considering the volume of the dataset of 1,275 repositories, a
batch processing strategy was adopted. The projects were seg-
mented into groups of 100 directories per execution (with the resid-
ual batch containing 75 projects), aiming to optimize memory re-
sources and mitigate runtime failures. This procedure resulted in
the generation of 13 output files in CSV format, containing detailed
metadata for each occurrence.

Each record generated by JNose comprises an attribute schema
that ensures data traceability, containing: context and location meta-
data such as the project name (projectName), test file identification
(name), absolute path (pathFile), and the production class under
test (productionFile); software metrics including the JUnit frame-
work version (junitVersion), lines of code (loc), and method count
complexity (qtdMethods); test smell data consisting of taxonomic
classification (testsmellname), affected method (testSmellMethod),
and exact line range (testSmellLinebegin, testsmellLineend); and in-
tegrity signatures such as the analyzed code snippets (methodCode)
and verification hashes (methodNameHash, methodcodeHash, full-
Hash) to ensure the uniqueness and integrity of the samples.

4.2.2 Consolidation and Structuring. The subsequent step con-
sisted of unifying the data fragments and modeling them for a
relational database, facilitating complex analytical queries.

The 13 partial files were concatenated into a single consolidated
volume (file_unify.csv), totaling approximately 1.1 GB. To en-
sure the structural integrity of the final file, a script based on the

5 Available at: https://github.com/arieslab/jnose
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awk utility was used to remove redundant headers during concate-
nation, as detailed in Code 2.

1 | awk 'FNR==1 && NR!=1{next;}{print}' *.csv > file_unify
.CSv

Listing 2: CSV file unification and sanitization script

The logic FNR==1 && NR!=1{next;} instructs the processor to
ignore the first line (header) of all files subsequent to the first, pre-
serving only the original column structure. After a manual sanitiza-
tion step to remove any residual artifacts, the data were migrated
to a SQLite database. The insertion was performed via CLI, using
formatting directives for compatibility with the semicolon delimiter
generated by the analysis tool:

T Lo

1 | sqlite3 metrics.db ".mode csv .separator ;

file_unify.csv testsmells"

.import

Listing 3: Data insertion procedure in SQLite

4.3 Final Sampling Curation

4.3.1 Distribution Analysis and Selection. The static analysis ex-
ecution resulted in the identification of 788,560 instances of test
smells distributed across the analyzed repositories. The frequency
analysis revealed a predominance of issues related to assertions
and undocumented constants, denominated the Magic Number test
smell.

To define the scope of the benchmark, the criterion that was
established to select the ten types of test smells was their incidence,
selecting the ten that appeared the most during the use of JNose
with the selected repositories shown in Table 3. However, a qual-
itative filter was applied to this selection: the Lazy Test pattern,
although the fourth most frequent with 51,972 occurrences, was
excluded from the sample.

The Lazy Test is characterized by a test method that verifies mul-
tiple functionalities simultaneously. Its correct detection requires
a deep understanding of the call flow of production classes, intro-
ducing a high level of contextual noise. This complexity makes it
difficult to isolate causality in LLM experiments. To maintain the
cardinality of the set (Top 10) after this exclusion, the Sensitive
Equality smell was included in the selection list due to it being the
eleventh most frequent. Table 4 presents the final distribution.

It is worth noting that the tool detected nine other patterns that
make up the long tail of the distribution, totaling 73,486 occur-
rences not included in the study, such as General Fixture, Resource
Optimism, and Mystery Guest.

4.3.2  Extraction of Isolated Samples. The final curation step aimed
to create a balanced Gold Set for the evaluation of LLMs. A uniform
stratified sampling was defined, consisting of 100 code examples
for each of the 10 selected types of test smells.

The extraction was automated via a Python script interacting
with the SQLite database. A strict exclusivity criterion was applied:
only test methods containing a single instance of a type of test smell
(single-instance) were selected. This methodological restriction
is crucial to eliminate ambiguity during inference, ensuring that
the LLM’s performance is evaluated on a specific defect, without
the interference of multiple competing anti-patterns in the same
context.
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Table 4: Distribution of Test Smells Selected for the Bench-
mark

Rank Test Smell Type Occurrences
1 Assertion Roulette 254,494
2 Magic Number Test 163,642
3 Eager Test 56,555
4 Ignored Test 54,729
5 Unknown Test 53,257
6 Verbose Test 42,404
7 Conditional Logic Test 28,957
8 Duplicate Assert 27,086
9 Exception Catching/Throwing 16,975
10 Sensitive Equality 16,975

Total Sampled 715,074

The resulting artifacts were exported as plain text files (.txt),
constituting the final corpus for the execution of the experiments.

4.4 Prompt Engineering and Standardization

The validity of a benchmark involving LLMs depends intrinsically
on the quality and consistency of the instructions provided to the
models. To ensure the replicability of the experiments and align
the construction of prompts with industry practices, this work was
based on the systematic study conducted by Mao et al. [10].

4.4.1 Template Structure. Mao et al. [10] analyzed the construction
of prompt templates in real applications based on LLMs, identify-
ing that standardized structuring is critical to reduce operational
instability. Based on the analysis of a vast dataset of open-source
and industrial applications, the authors categorized the essential
components that maximize the effectiveness of the models. There-
fore, we adopted the CRISPE (Capacity and Role, Insight, Statement,
Personality, and Experiment) framework derived from the taxon-
omy and statistical insights of this study for the composition of the
NoseSense prompt, focusing on the components of greatest practical
relevance: Capacity and Role (C), which defines a "persona" that
the AT must assume (present in 28.4% of industrial templates to con-
textualize model behavior and activate specific domain knowledge);
Insight (I), which provides context and background information
to reduce ambiguity in task interpretation (identified in 56.2% of
templates); Statement (S), which represents the central directive
to explicitly state the task’s intention in an imperative manner
(the most ubiquitous component, appearing in 86.7% of prompts);
Personality (P), which specifies the output format and style to
ensure predictable and parser-compatible content (present in 39.7%
of cases); and Experiment (E), which includes final suggestions or
recapitulations (considered optional and omitted here).

4.4.2  Prompt Implementation in NoseSense. Based on the empir-
ical evidence from Mao et al. [10] regarding the effectiveness of
these components in real scenarios, the framework was adapted
to transform the task of detecting test smells into a deterministic
classification. Below, the technical mapping between the theoretical
components validated by the study and their implementation in
the experiment is detailed.
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For Capacity and Role (C), the persona was defined with the
instruction “ You are a senior software engineer...”. Aligned with
the practice of defining the agent’s role [10], this component per-
forms contextual preparation in the model’s latent space, directing
generation toward rigorous code quality criteria and mitigating
naive interpretations.

For Insight (I), the context was established by including detailed
Test Smell definitions followed by Java code examples. Given the
high prevalence of this component in LLMapps (56.2%) [10], we use
the In-Context Learning (ICL) technique to delimit the semantic
scope of inference, ensuring that the model evaluates the code based
on the study’s taxonomic definitions and reducing hallucinations.

For the Statement (S), the execution directive is formulated as
“From the definitions above, ANSWER the following question by
choosing only ONE alternative...”. Being the most critical compo-
nent (86.7% frequency) [10], the directive uses imperative verbs and
explicit constraints to convert the open task into a closed classi-
fication, forcing correlation between the input and the provided
categories.

Finally, for Personality (P), format restriction was enforced via
“Answer format: {A}”. The imposition of a strict format limits the
entropy of the response, ensuring precise automated extraction of
responses in a large-scale benchmark, which is vital for interop-
erability as highlighted by Mao et al. [10]. Figure 2 illustrates the
structured prompt template submitted to the LLMs.

Context: “Test smells” are antipatterns in unit test code indicating potential design
problems [...]

Definitions:
Duplicate Assert: occurs when a test method tests for the same condition multiple
times [...]
Assertion Roulette: occurs when a test method has multiple non-documented
assertions [...]

(+ 8 other smell definitions with examples)

Persona (Role): You are a senior software engineer.
Question: In the test code below, which type of “Test Smell” can be identified?

@Test
public void testExample() {

assertEquals(42, calc.sum(40, 2));

assertEquals(42, calc.sum(40, 2));

Alternatives:

A: Magic Number Test
B: Duplicate Assert

C: Verbose Test

D: Ignored Test

E: None

Directive: Provide only one alternative letter.
Answer Format: {B}

Figure 2: Simplified example of a prompt submitted to LLMs.
Options A-D are randomized per sample; option E is fixed.

5 The NoseSense Tool

To operationalize the evaluation pipeline, we developed NoseSense,
a benchmarking tool implemented in Python using the LangChain
library for model orchestration and the asyncio module for concur-
rent execution, mitigating the latency inherent in API calls.

Macedo et al.

5.1 Execution and Automation

The evaluation is executed in a pipeline of five main stages, as
Figure 3 shows. The pipeline is designed to process the dataset
efficiently while introducing controlled stochasticity in prompt
construction to reduce positional bias and prevent pattern memo-
rization by the evaluated models.

First, code ingestion and extraction recursively reads the artifact
directory (test_smell_docs). For each text file, regular expressions
(regex) are used to individually extract the Java code blocks delim-
ited by markdown fences (“ ), associating them with their ground
truth (the original smell type).

Second, stochastic prompt engineering builds prompts dynam-
ically to prevent models from memorizing patterns or exhibiting
positional bias (a tendency to always choose the first or last op-
tion). To achieve this, the system performs distractor selection by
randomly choosing three incorrect smell types from the available
definitions, combining them with the unique correct answer and
one "empty" option called "None" to form a set of five candidates
in an option pool. It then shuffles the options randomly to break
predictable patterns and maps the correct answer dynamically to
one of the letters (A, B, C, D, or E), ensuring a uniform distribu-
tion across the answer key. This shuffling process is illustrated in
Figure 4.

Third, asynchronous multi-model inference uses an asynchro-
nous event loop (asyncio.gather) to submit a single test instance
simultaneously to all evaluated models (Table 1), which under-
utilizes network latency compared to sequential executions and
drastically reduces the total experiment time.

Fourth, response parsing and validation processes the textual
responses from the LLMs using a validation layer based on regular
expressions (r’ ([A-E])’). This captures the letter corresponding
to the model’s choice, ignoring noise or additional explanations
that violate the formatting directive. Parsing failures or API errors
are logged as handled exceptions to ensure that the batch flow is
not interrupted.

Finally, result persistence incrementally saves the raw data, con-
taining the response inferred by each model and the official answer
key, in a structured SQLite database.

5.2 NoseSense Architecture and
Implementation

To automate and standardize the execution of the evaluation ex-
periments, we developed NoseSense, a benchmarking tool with a
decoupled client-server architecture. NoseSense isolates the eval-
uation concerns and handles communication with remote LLM
providers, result persistence, and real-time visualization of metrics.
Figure 5 illustrates the high-level architecture of NoseSense.
NoseSense is organized into four main architectural layers. The
Frontend (Client Layer) is developed using React and Next.js, im-
plementing the App Router paradigm. It provides an analytical
dashboard showing the real-time execution progress, overall and
per-smell accuracies, and confusion matrices. The Routing Layer
(API Gateway) is implemented in Python using the FastAPI frame-
work running on top of the Uvicorn ASGI server. It isolates request
domains and exposes RESTful endpoints for configuration, along-
side a Server-Sent Events (SSE) stream for real-time experiment
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Figure 5: NoseSense Decoupled Client-Server Architecture

updates. The Service Layer (Business Logic) is the core engine of the
tool and consists of three components: 11m_initializer.py uses
LangChain to configure LLM wrappers, prompt_engine.py for-
mats prompts and performs option randomization, and executor . py

manages concurrent asynchronous API calls using semaphores. Fi-
nally, the Persistence Layer employs a hybrid storage approach
where a JSON file (models. json) stores provider configurations,
and a local relational SQLite database (results.db) persists raw
evaluations, option configurations, and metrics.

5.3 Operational Workflow

The operational workflow of NoseSense follows a sequence of five
main phases. First, during initialization, the server is launched on
port 8001, and local configurations and API keys are read from
JSON files. Second, in the connection & handshake phase, the fron-
tend initiates a connection and opens a Server-Sent Events (SSE)
stream channel to monitor the progress. Third, during batch prepa-
ration, the backend loads the 1,100 Gold Set test cases from disk
and registers a new session with a unique run_id in the database.
Fourth, in the prompt-inference loop, the prompt is randomized for
each test case and sent concurrently to the selected LLMs, while
keep-alive packets are periodically sent to the frontend. Finally,
during consolidation, model responses are parsed using regular
expressions, matched against the ground truth, recorded in SQLite,
and exported to a consolidated CSV report before closing the SSE
stream.

The entire evaluation experiment was orchestrated from a local
server running Ubuntu 24.04 LTS, equipped with an Intel Core i5-
10500 processor (3.10GHz, 12 threads) and 16 GB of RAM, ensuring
that execution bottlenecking was limited only by external API
latency.

6 Results

In this section, we present the quantitative analysis of the perfor-
mance of the evaluated LLMs in Test Smell detection. The raw data
were processed to extract metrics of effectiveness (accuracy) and
robustness (API failure rate and format compliance). To answer
our research questions (RQs) in a structured manner, we mapped
specific metrics to each of them: overall accuracy and accuracy rate
by smell type are used to answer RQ1 (overall effectiveness) and
RQ2 (model comparison by category); and the pair-wise compar-
ison among the models is employed to answer RQ3 (relationship
between scale, architecture, and performance).
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6.1 General Performance Overview

Figure 6 summarizes the results obtained for each evaluated model.
The models are sorted in descending order of accuracy, revealing
a clear relationship between model scale and generation on per-
formance. Each bar represents the 1,100 evaluated instances, split
into correct answers (green) and errors (red), with overall accuracy
shown on the right.

Gemma 43188 I
arosseos [ 62097
Qwen-3-235B 572 528 52.00%

Gemma-3n-E4B-it 424 3 38.55%

I Correct I Errors

Figure 6: LLM Performance Overview: correct answers (green)
and errors (red) out of 1,100 test instances. Counts shown
inside bars; accuracy (%) on right. Dashed line marks 50%.

For a more granular understanding, Table 5 details the accuracy
rate of each model for the ten evaluated test smell types and the
clean test class (None). This breakdown allows us to identify which
specific defects present greater complexity for the models compared
to the overall average.

Table 5: Accuracy rate (in %) by type of Test Smell

Test Smell GEM4-31 GPT120 GPT20 QWEN235 QWEN9 GEM3-E4
Assertion Roulette 92 88 67 84 20 21
Conditional Test Logic 88 57 56 60 45 80
Duplicate Assert 82 67 70 73 74 48
Eager Test 26 34 35 10 14 11
Exception Catching/Throwing 86 86 86 94 79 88
Ignored Test 16 10 8 11 13 20
Magic Number Test 69 67 80 56 41 25
Sensitive Equality 82 80 50 30 84 12
Unknown Test 33 40 39 48 38 13
Verbose Test 74 69 65 21 52 55
None 93 85 90 85 71 51

To further analyze classification errors, Table 6 presents the
combined confusion matrix obtained by aggregating the predictions
of all six evaluated models.

The evaluated models exhibited different levels of performance.
Gemma-4-31B-it obtained the highest overall accuracy (67.36%). Its
strongest results were observed for Assertion Roulette (92%) and
Conditional Test Logic (88%), whereas Eager Test (26%) and Ignored
Test (16%) proved to be the most challenging categories.

GPT-0SS-120B achieved the second-highest overall accuracy
(62.09%), followed closely by its smaller counterpart, GPT-OSS-
20B (58.73%). The modest performance difference between the two
models (3.36 percentage points) suggests that increasing model size
within the GPT-OSS family provides only limited gains for this
specific task.

Macedo et al.

Table 6: Aggregated Confusion Matrix for the Evaluated LLMs

Actual / Predicted AR MN ET IT UT VT CL DA EC SE N

AR 372 34 16 10 9 8 20 21 9 13 88
MN 41 338 12 4 10 7 12 18 12 0 146
ET 13 27 130 9 10 7 10 10 12 6 366
IT 22 38 27 78 32 38 17 16 29 12 291
UT 7 9 17 7 211 7 20 13 12 8 208
vT 35 22 24 6 25 336 22 11 16 4 99
CL 12 49 13 5 10 8 386 24 6 3 84
DA 58 13 11 1 9 8 12 414 16 2 56
EC 2 10 9 0 9 2 10 1 519 2 36
SE 2 14 8 2 13 0 6 5 1 338211
N 9 21 15 2 22 8 9 6 23 10 475

Within the Qwen family, Qwen-3-235B, which adopts a MoE
architecture, achieved an overall accuracy of 52.00%, outperforming
the smaller dense model Qwen-3.5-9B (48.27%). Among all evalu-
ated models, Gemma-3n-E4B-it obtained the lowest overall accuracy
(38.55%). This result suggests that smaller models may face greater
challenges in detecting test smells, although differences in archi-
tecture and model generation may also have contributed to the
observed performance gap.

6.2 Discussion: Answering the Research
Questions

RQ1: How effective are state-of-the-art LLMs in identifying
and classifying test smells?

The evaluated models demonstrated moderate to high effectiveness
depending on the model scale, with the best-performing model
(Gemma-4-31B-it) achieving an accuracy of 67.36%. However, ac-
curacy drops significantly in smaller models (reaching as low as
38.55%), indicating that test smell detection remains a complex
semantic classification task.

RQ2: How do different LLMs compare in their overall per-

formance and on specific types of test smells?
The comparison revealed that Gemma-4-31B-it and GPT-OSS-120B
lead the classification. Across all models, smells with clear syntactic
indicators, such as Exception Catching/Throwing, were consistently
identified with high accuracy (up to 94% for Qwen-3-235B). In con-
trast, more subjective or context-dependent smells, such as Eager
Test and Ignored Test, presented much lower accuracy rates across
all models, indicating that these patterns are significantly more
difficult for LLMs to detect.

RQ3: What is the relationship between model variables
(such as scale and architecture) and their performance in test
smell detection?

The results indicate that the relationship between parameter scale
and performance is not linear and depends strongly on the model
family, generation, and architecture. Within the GPT-OSS family,
the 120B model outperformed the 20B model by only 3.36 percent-
age points (62.09% vs. 58.73%), despite a sixfold increase in parame-
ter count. A similar trend was observed within the Qwen family,
where Qwen-3-235B achieved an accuracy 3.73 percentage points
higher than Qwen-3.5-9B (52.00% vs. 48.27%). However, comparing
Gemma-4-31B-it (67.36%) to Gemma-3n-E4B-it (38.55%) revealed
the largest performance gap observed in this study (28.81 percent-
age points), suggesting that improvements introduced across model
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generations may have a greater impact on test smell detection than
increases in model size alone.

To visually analyze this behavior, Figure 7 plots the parameter
count of each model against its overall accuracy on a logarithmic
scale, highlighting the performance trends within each model fam-

ily.
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Figure 7: Model Parameters vs. Overall Accuracy (X-Axis Log
Scale)

This visualization highlights that while increasing size within the
same family yields diminishing returns, switching to a more mod-
ern model generation (e.g., Gemma-4-31B-it vs. Gemma-3n-E4B-it)
leads to substantial improvements. This highlights the importance
of training data quality and architectural refinements over raw
scale.

Smells with clear syntactic markers were consistently detected
across all models. Exception Catching/Throwing achieved the high-
est aggregate accuracy (86%), as try/catch blocks in test code pro-
vide a strong and locally recognizable structural signal. Similarly,
Duplicate Assert (69%) and Assertion Roulette (62%) benefit from
repetitive patterns that are straightforward to identify within a
self-contained snippet, indicating that LLMs reliably exploit local
syntactic features for these categories.

In contrast, smells requiring semantic reasoning beyond the im-
mediate snippet proved substantially harder. Ignored Test achieved
the lowest aggregate accuracy (13%); in Java, ignored tests man-
ifest through multiple distinct patterns (such as different frame-
work annotations, disabled assumptions, or conditional execution),
and LLMs likely failed to recognize patterns beyond the standard
cases. Eager Test (22%) is particularly challenging, as detecting it
requires recognizing that a test exercises multiple methods of the
class under test, information not always inferrable from the snip-
pet alone. Unknown Test (35%) demands detecting the absence of
assertions, a negative structural property with few notable lexical
cues. Collectively, these patterns reveal a fundamental limitation of
snippet-level evaluation: context-sensitive smells are systematically
underdetected.

Analysis of the aggregated confusion matrix reveals a systematic
conservative bias: misclassifications predominantly fall into the
None class across most smell categories. This tendency is especially
pronounced for Eager Test, where 366 of 600 aggregated instances
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were classified as None despite carrying a smell, and for Ignored
Test, where 291 of 600 were similarly misclassified. In practice, this
means LLMs tends to commit mistakes toward reporting smelly
code as clean, producing more false negatives than false positives, a
pattern with direct implications for their integration into automated
quality assurance pipelines.

From a cost-efficiency standpoint, the modest performance gap
between GPT-OSS-120B and GPT-OSS-20B (3.36 percentage points)
suggests that practitioners can prefer smaller, less expensive mod-
els with minimal accuracy trade-off for this task. Compared to
prior evaluations of LLMs on general code smells in Java [18], our
multi-model benchmark reveals considerably higher performance
variation across models, indicating that model selection is a critical
factor specifically for test smell detection tasks.

7 Threats to Validity

Several threats were identified. Regarding construct validity, a sin-
gle CRISPE template with multiple-choice options was used, which
may limit generalizability and introduce response bias by constrain-
ing models to predefined alternatives; default inference hyperpa-
rameters (temperature, top-p) may also affect response determin-
ism. Regarding external validity, results are limited to Java code
and to a dataset of 1,100 instances drawn from nine large, mature
organizations (e.g., Apache, Google, Spring), which may not repre-
sent smaller or academic projects, nor capture the full diversity of
real-world test patterns. Regarding internal validity, dataset design
choices (100 instances per category, exclusion of multi-smell in-
stances, and omission of Lazy Test) were made for practical balance
and may not fully reflect real smell distributions. Finally, JNose
is used as the ground truth oracle; as a static analysis tool, it is
subject to false positives and negatives, so the reported accuracy
reflects agreement with JNose rather than absolute correctness, and
any labeling errors propagate across all results. We plan to comple-
ment these findings with a user study involving LLM researchers
to assess NoseSense as an evaluation framework.

8 Conclusion

This paper presented a benchmark for evaluating the capacity of
LLMs to detect test smells in Java code. The methodology was
structured into four main phases: repository collection and filtering,
test smell detection and processing, sample curation, and automated
experiment execution. Each phase was grounded in established
software engineering and static analysis practices to ensure the
reproducibility and transparency of the process.

Our results show that LLMs can identify test smells with varying
degrees of accuracy, with the best model (Gemma-4-31B-it) achiev-
ing 67.36% overall accuracy. The benchmark proved to be robust
and flexible, serving as a reliable framework for systematic eval-
uation of LLMs in software quality tasks. NoseSense can be used
by researchers and practitioners alike, providing a dynamic bench-
marking that serves to showcase which LLMs are the most accurate
in detecting test smells in the test code. Due to its dynamism, we
expect NoseSense to be useful independently of new LLMs releases.
We hope that NoseSense will be used by the community to evaluate
and guide the evolution of LLMs in automated software testing and
quality assurance.
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For future work, we plan to evaluate the tool with a user study in-
volving software developers and Al researchers to assess NoseSense
as an evaluation framework for benchmarking. Other directions
to expand this work involve: evaluating the model performance
using open-ended prompts without predefined alternatives; incor-
porating alternative prompt engineering strategies and few-shot
learning to evaluate their influence on classification accuracy; and
implementing multi-language support by expanding the benchmark
to include other languages like Python and Kotlin.

Artifact Availability

The NoseSense tool, including its source code, dataset, and replica-
tion package, is publicly available at: https://zenodo.org/records/
20941814. The repository for the tool is available at: https://github.
com/arieslab/NoseSense.
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