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Abstract
The rapid evolution of Large Language Models (LLMs), character-
ized by a shift from yearly to weekly advancements, has rendered
traditional static evaluation studies quickly obsolete upon publica-
tion. In this fast-paced landscape, evaluation methodologies must
be designed to enable immediate and continuous assessment of
newly released models. Automated benchmarking has emerged as
a practical solution, allowing LLMs to be evaluated and compared
as soon as they become available. A wide range of benchmarks
has been proposed to assess LLM capabilities across diverse ap-
plication domains. However, there is a lack of targeted evaluation
frameworks focusing on software engineering tasks related to test
quality. In this context, we present an automated benchmarking
tool designed to evaluate the accuracy of LLMs in identifying anti-
patterns in test code, commonly referred to as Test Smells. Our
approach enables scalable, reproducible, automated, and up-to-date
assessment of LLM performance in this critical aspect of software
quality. The tool demonstration video can be found on zenodo
https://zenodo.org/records/20277258 and youtube https://youtu.be/
D0o77YuM_Xs.
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1 Introduction
The vast presence of digital systems in modern society has estab-
lished robustness and reliability as fundamental pillars of Software
Engineering. In this context, maintaining high-quality test suites is
imperative to mitigate failures and reduce long term operational
costs. However, the effectiveness of these tests is frequently compro-
mised by design anti-patterns called test smells that do not impair
code functionality, but degrade its readability, maintainability, and
evolution [14].

The search for automated solutions to identify and refactor these
anti-patterns has found a promising yet complex path in Large
Language Models (LLMs) [2, 5, 20]. This complexity stems primarily
from a critical methodological challenge: the temporal volatility
of experimental results. The innovation cycle of LLMs has been
so accelerated that comparative studies of benchmarks tend to
become saturated and obsolete even before their publication [1, 7].
In the interval required to conclude a rigorous investigation, the

release of new model iterations often invalidates static benchmarks,
turning the state of the art into a moving target, which undermines
the ability to use the study’s findings as a foundation for further
research or industrial application.

To mitigate this issue, we present NoseSense, a dynamic bench-
marking tool designed to simultaneously evaluate the performance
of multiple LLMs in detecting test smells. To enable scalable and
reproducible evaluation, the tool operationalizes this detection
task through a structured multiple-choice benchmark: each sample
presents a code snippet containing a test smell, and the model must
identify which smell is present by selecting among a set of prede-
fined options. This controlled format ensures that model responses
can be automatically verified against a ground-truth oracle, allow-
ing rigorous measurement of each LLM’s ability to recognize test
smell patterns.

Our project provides a robust solution that addresses the lim-
itations of traditional studies on this topic, which often become
obsolete during the lengthy writing and publication process. Instead
of time-consuming longitudinal analyses, the project prioritizes
rapid, practical validation, enabling real-time comparisons of the
most current models. The necessity for tools like NoseSense is rein-
forced by the high prevalence of anti-patterns in real-world systems
[2], empirical studies indicate that between 18% to 26% of test suites
are free of test smells [4, 16]. Thus, NoseSense serves as a diagnostic
instrument for the semantic classification capability of LLMs with
respect to test code quality, providing continuously updated metrics
that keep pace with the industry’s rapid technological evolution.

2 Test Smells
Van Deursen et al. [13] argue that test smells possess their own
taxonomy and corresponding remedies, identifying eleven distinct
types in their seminal work. Later studies expanded this taxonomy
by proposing additional smell types and examining their distri-
bution and co-occurrence patterns [3, 8, 10, 13–15]. To evaluate
the effectiveness of NoseSense, we selected a set of 10 test smells,
detailed below:

Assertion Roulette (AR): Occurs when a test method encapsu-
lates multiple assertions without explanatory messages.

Conditional Test Logic (CTL): Characterized by the presence
of control structures in the test body.

https://zenodo.org/records/20277258
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Duplicate Assert (DA): Manifests through the repetition of
assertions that validate identical states or conditions within the
same test scope.

Eager Test (ET): Occurs when a single test method attempts to
verify multiple functionalities or production class methods simulta-
neously.

Exception Catching Throwing (ECT): Refers to the improper
use of try-catch blocks to catch exceptions that should be propa-
gated to the test framework.

Ignored Test (IT): Identifies tests that were explicitly disabled
(e.g., @Ignore annotation).

Magic Number (MN): Consists of using literal numbers without
explicit semantic context in assertions.

Sensitive Equality (SE): Occurs when the equality criterion
relies on the textual representation (toString) of complex objects.

Unknown Test (UT): Represents methods that execute produc-
tion code but lack assertions.

Verbose Test (VT): Characterized by excessively long test meth-
ods.

3 NoseSense
NoseSense provides a controlled and systematic environment for
evaluating the capability of LLMs in detecting test smells. To ensure
the statistical rigor of the analyses, the tool integrates an oracle
composed of 1,000 code instances, comprising 100 samples for each
of the 10 test smells selected and described in Section 2. This oracle is
used to assess the precision and diagnostic accuracy of the evaluated
artificial intelligence models. The following subsections detail the
tool’s features, systemic architecture, and operational workflow.
The oracle dataset focuses on Java test code and it happens for
two main reasons: first, this language remains the most widely
studied in the test smell literature [8, 13–15]; second, JNose, the
static analysis tool utilized to extract and validate the ground-truth
samples for our oracle, was exclusively designed to operate on Java
projects. This methodological choice ensures compatibility with
established definitions and provides robust empirical foundations.

3.1 Features
NoseSense was designed with a set of features that cover the entire
model evaluation lifecycle, from configuration to results analysis:

Provider and Model Registration: Enables the inclusion of
multiple AI platforms with their credentials, allowing quick adop-
tion of newly released models.

Automated Benchmark Execution: Evaluates multiple LLMs
simultaneously against an oracle of 1,000 test smell samples, with
real-time monitoring and interruption capabilities.

Analytical Dashboard: Consolidates results into graphical vi-
sualizations (bar, pie, and radar charts) to easily compare overall
accuracy and specific capabilities.

Results Persistence and Export: Automatically stores evalua-
tion history in a relational database and allows full CSV exports to
ensure experiment reproducibility.

3.2 System Architecture
NoseSense adopts a client-server architecture based on the decou-
pling of a backend and a reactive user interface. This layered organi-
zation ensures that the model orchestration logic operates indepen-
dently from the presentation layer, promoting high maintainability,
simplicity and ecosystem scalability [9].

Presentation (Next.js)
app/ (UI)
components/
lib/ (State)
hooks/

Services (services/)
executor.py
prompt_engine.py
llm_initializer.py
db_service.py
csv_service.py
data_extractor.py

API Gateway (routes/)
provider_routes.py
process_routes.py
result_routes.py

Core (core/)
prompt.py
test_smell_types.py

Persistence (data/)
results.db
models.json

Backend (FastAPI)

RE
ST

&
SS
E

Figure 1: NoseSense System Architecture Diagram.

As detailed in Figure 1, the system’s core, located in the /backend
directory, utilizes the FastAPI framework1 , selected for its asyn-
chronous nature. The structure is subdivided into logical layers
ranging from data reception to persistence. Interaction begins at
the Routes Layer (API Gateway), situated in routes/, which acts as
the entry point and isolates responsibilities into specific domains:
provider management (provider_routes.py), analysis execution
(process_routes.py), and history retrieval (result_routes.py).

Below this interface, the system’s business rules reside in the
Services Layer (services/). At this level, the executor.py compo-
nent manages call concurrency to avoid rate limit penalties, while
prompt_engine.py applies randomization rules to the multiple-
choice options to ensure the randomness of the tests. Instance
initialization, performed via LangChain, is isolated in the llm_
initializer.pymodule, ensuring the modularity of the inference
engine. Complementarily, the Core Layer encapsulates the essential
definitions of test smells in the core/ directory, centralizing the
application’s domain.

Finally, information management occurs in the Persistence Layer
(data/), which adopts a hybrid approach: configuration metadata
and credentials are kept in JSON files for flexibility, while evaluation
results are persisted in a relational database. This strategy ensures
referential data integrity, facilitates metric extraction, and enables
automated export through the csv_service.py service.

Complementing the backend, the system’s presentation layer
(/frontend) is built with Next.js2 and React3 technologies, aim-
ing to provide a fluid and data-driven User Experience. The structur-
ing of pages and visual components (app/) employs the App Router
paradigm to manage navigation and global layout, significantly
optimizing rendering.

To ensure the cohesion of the ecosystem illustrated in Figure 1,
the communication between frontend and backend utilizes the REST
approach for static configurations and registrations. However, for

1https://fastapi.tiangolo.com/
2https://nextjs.org/
3https://react.dev/
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the critical and prolonged process of test smell analysis, the system
employs the Server-Sent Events (SSE) protocol.

3.3 Environment Initialization and
Configuration

The application’s lifecycle begins with the bootstrapping of the
FastAPI server. In this phase, the system establishes communi-
cation protocols via CORS middleware and maps the API routes.
Concurrently, the user submits access credentials and AI provider
metadata through the interface; this information is then processed
by the backend and stored in a structured manner in a local JSON
repository for use in testing sessions, as illustrated in the configu-
ration form in Figure 3.

3.4 Experiment Preparation
Upon starting a new round of analyses, NoseSense establishes a
Server-Sent Events (SSE) connection to provide real-time moni-
toring, triggering an orchestration function responsible for the
preparatory procedures. Initially, the system performs the dynamic
instantiation of the selected models, a process that involves resolv-
ing API keys and configuring essential technical parameters for
inference. Subsequently, the extraction of the dataset occurs, in
which code snippets containing test smells are retrieved from an
experimental corpus of 1, 000 samples. These data are stored in the
SQLite database. This step is essential for individually monitoring
the status and performance of each task, enabling the subsequent
retrieval of results and execution-time fault auditing.

3.5 Prompt Engineering and Standardization
The validity of a benchmark involving LLMs depends on the quality
and consistency of the instructions provided. To ensure replicability
and align prompt construction with industry practices, the prompt
engine of NoseSense is designed based on the systematic study of
prompt templates in real-world LLM-based applications (LLMapps)
conducted by Mao et al. [6]. We adopted the CRISPE framework
(Capacity and Role, Insight, Statement, Personality, and Experiment)
[17] to structure instructions, reducing operational instability and
establishing a deterministic classification task. The mapping and
implementation of these components within NoseSense are detailed
below:

Capacity and Role (CR) – Persona Definition:
Implementation: “You are a senior software engineer...”
Justification: We chose the persona of a senior software engineer to
direct the LLMs toward rigorous code quality criteria, mitigating
naive interpretations.

Insight (I) – Contextualization (Few-Shot/ICL):
Implementation: Detailed definitions of the 10 selected test smells
followed by Java code examples.

Statement (S) – Execution Directive:
Implementation: “In the test code below...” (as exemplified in Fig-
ure 4).
Justification: The use of this directive to convert the open-ended
reasoning task into a closed, structured classification by restraining
the scope of the question to the relevant part.

Personality (P) – Format Restriction:
Implementation: “Answer format: {{A}}”
Justification: By limiting the format of the question, we ensure the
LLMs will not give open ended answers to help with the predictabil-
ity and precise automated extraction of responses for a large-scale
benchmark.

Experiment (E) – Optional Recapitulation:
Implementation: Excluded based on task specificity.
Justification: This aspect was not used in the prompt due to lack of
relevancy to the task.

3.6 Evaluation Cycle and Concurrent Execution
For each identified code artifact, the system initiates an iterative
evaluation sub-process that integrates everything from input re-
finement to data consolidation. The cycle begins in the prompt
engineering phase, where the engine contextualizes the code snip-
pet and applies randomization techniques to the 4 multiple-choice
options to neutralize potential position biases, invariably keeping
the fifth alternative as "None". Figure 4 illustrates a simplified in-
stance of the prompt submitted to the models.

The execution of tasks with the LLMs occurs asynchronously,
under a semaphore-based concurrency control mechanism. This
strategy allows limiting the volume of simultaneous calls, miti-
gating the risk of rate limiting blockages from providers. During
the AI processing period, the backend emits keep-alive signals to
prevent premature termination of the SSE data flow and ensure
communication stability. Real-time monitoring of this processing
is visible in the system interface (Figure 5).

Upon reception the system parses the responses to extract the
generated diagnosis. This information is automatically compared
with the dataset’s expected ground truth, with the final result and
execution metadata persisted in the relational database for sub-
sequent analyses. Figure 6 demonstrates the immediate compar-
ison interface between the AI diagnosis and the correct answer.
Whenever one of the LLMs provides an incorrect classification, the
interface displays not only the selected alternative letter but also
resolves and presents the name of the test smell that the model
erroneously identified. This diagnostic enrichment facilitates rapid
qualitative analysis of misclassification patterns without requir-
ing the researcher to manually cross-reference randomized option
mappings.

3.7 Results and Artifact Consolidation
Upon completion of all iterations, the system terminates the process-
ing pipeline. The raw data stored in SQLite is processed to generate
a consolidated report in CSV format, providing a macroscopic view
of each model’s accuracy. The workflow finishes with the sending
of a completion event, signaling the end of the experiment to the
user interface.

3.8 Data Consolidation and Visualization
Following the analysis pipeline, NoseSense generates an interactive
dashboard that transforms raw data into structured visualizations.
The initial interface presents a statistical summary with four macro-
indicators (total tests, correct responses, classification errors, and
API failures) and, for rapid interpretation, highlights the overall
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1. Initialization

Server Boot (FastAPI)

User Metadata Input

2. Preparation

SSE & Model Setup

Load Dataset (1k samples)

3. Evaluation (Loop)

Async LLM Inference

Parsing & SQLite

4. Output

CSV Export & Analytics
1,000x

Figure 2: Simplified NoseSense Workflow Architecture.

Figure 3: Providers Input Form.

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 additional smell definitions with examples)

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: Eager Test
B: Duplicate Assert
C: Verbose Test
D: Ignored Test
E: None

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

Figure 4: Example of a prompt submitted to the LLMs

accuracy, which reached 43.7% in preliminary experiments , along-
side a comparison of the best and worst-performing models in the
round.

Analytical depth is reinforced by comparative bar charts that
contrast the volume of correct answers, errors, and API failures,
segmented by both model and test smell category. This analysis is
complemented by a radar chart displaying the aggregated accuracy
for the ten anomaly categories, which allows for the identification

Figure 5: Real-time processing of executed tests and models.

Figure 6: Real-time response analysis comparing the LLM
response with the correct answer.

of the AIs’ semantic understanding patterns, while a pie chart
summarizes the experiment’s integrity by illustrating the global
proportion between correct and incorrect answers.

The final data organization ranks accuracy rates, detailing in-
dividual model and test category performance through chromatic
indicators and progress bars. The dashboard consolidates a rigorous
statistical summary, including average accuracy, standard deviation,
and residual API error rates, ensuring the interface provides scien-
tific groundwork for auditing and evolving the evaluated models,
as exemplified in Figure 7.

4 Experimentation
As a proof of concept, we evaluated three distinct models. The
selection criteria prioritized three axes of diversity: (i) provider het-
erogeneity, covering distinct API ecosystems (OpenAI, Meta, and
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Figure 7: Selected charts showing the final analysis.

Alibaba); (ii) scale variation, ranging from 7B to 20B parameters, to
assess whether model size correlates with detection accuracy; and
(iii) licensing diversity, contrasting proprietary and open-source
architectures. It is important to note that this selection is illustra-
tive rather than exhaustive; NoseSense allows new models to be
registered and evaluated as they become available, without changes
to the evaluation pipeline. All models were accessed remotely via
the Together AI API4. Table 1 details the selected models.

Table 1: Language Models Evaluated in the Experiment

Provider Specific Models Motivation

OpenAI GPT OSS 20B Large scale and proprietary API
Meta Llama 3 8B Open-source efficiency
Qwen Qwen 2.5 7B Instruction optimization

4.1 Functional Proof via Metrics
The results obtained during the benchmark execution provide a
quantitative view of LLM performance against test smells. Figure 8
presents the overall accuracy ranking, while Table 2 details the
segmented performance by anomaly category.

The tool’s efficacy in providing diagnostics subsidies for LLMs is
proven by analyzing the generated artifacts. Through the Detectabil-
ity Ranking, the system accurately identified which anomalies are
more "visible" to current semantic understanding; the Exception
Catching Throwing category, for example, showed high detectabil-
ity (87.3%), contrasting with Ignored Test, which emerged as the
greatest challenge for the models (14.7%).

Regarding Performance Discrimination, NoseSense was able to
rank the models by accuracy, pointing to GPT OSS 20B as the most
effective on the proposed dataset (55.2%) and Llama 3 8B as the
4https://www.together.ai/

Table 2: LLM Accuracy by Test Smell Category

Test Smell Category Correct/Total Accuracy

Exception Catching Throwing 262/300 87.3%
Duplicate Assert 199/300 66.3%
Verbose Test 167/300 55.7%

Assertion Roulette 133/300 44.3%
Magic Number Test 122/300 40.7%

Conditional Test Logic 117/300 39.0%
Sensitive Equality 108/300 36.0%

Eager Test 89/300 29.7%
Unknown Test 69/300 23.0%
Ignored Test 44/300 14.7%

GPT OSS 20B Qwen 2.5 7B Llama 3 8B
0

20

40

60 55.2

42.3

33.5

A
cc
ur
ac
y
(%
)

Accuracy Comparison Among Models

Figure 8: Accuracy results obtained.

least accurate (33.5%). Finally, the platform consolidated compre-
hensive statistical reports, including a 43.7% average accuracy and a
8.9% standard deviation among the models, allowing for immediate
scientific data interpretation after test completion.

4.2 Multiclass Confusion Analysis
Beyond aggregate accuracy, a deeper understanding of model be-
havior requires analyzing how misclassifications are distributed
across categories. To this end, NoseSense generates a multiclass
confusion matrix that cross-references actual test smell labels with
the classifications produced by the LLMs. Since the multiple-choice
options are randomized per sample, the system resolves each model
response back to the corresponding smell name before aggrega-
tion. Table 3 presents the aggregated confusion matrix for the three
evaluated models.

Table 3: Aggregated Multiclass Confusion Matrix

AR CTL DA ET ECT IT MN SE UT VT None

AR 133 6 24 26 13 7 22 8 4 6 51
CTL 12 117 28 20 26 5 16 4 7 26 39
DA 14 8 199 17 9 3 10 2 3 13 22
ET 4 2 10 89 26 1 17 5 8 14 124
ECT 1 3 3 4 262 1 1 0 3 0 22
IT 16 7 18 26 35 44 21 4 11 21 97
MN 9 2 17 24 23 4 122 6 5 16 72
SE 14 7 14 9 25 3 20 108 5 5 90
UT 10 10 14 26 24 8 19 6 69 5 109
VT 12 3 13 23 17 8 17 3 6 167 31

The confusion matrix reveals several notable misclassification
patterns. The “None” column is particularly informative: categories
such as Eager Test (124), Unknown Test (109), Ignored Test (97),
and Sensitive Equality (90) exhibit high rates of “None” selections,

https://www.together.ai/
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suggesting that the models frequently fail to recognize these anti-
patterns entirely rather than confusing them with other smells.
In contrast, Exception Catching Throwing shows minimal “None”
selections (22), consistent with its high overall accuracy.

To provide a more rigorous evaluation beyond simple accuracy,
Table 4 presents the per-class Precision, Recall, and F1-Score met-
rics derived from the confusion matrix. Precision measures the
proportion of correct predictions among all samples classified as
a given category, while Recall corresponds to the proportion of
actual instances that were correctly identified.

Table 4: Per-class Accuracy, Precision, Recall, and F1-Score

Test Smell Acc. Prec. Rec. F1

ECT 92.1% 57.0% 87.3% 68.9%
DA 91.9% 58.5% 66.3% 62.2%
VT 92.0% 61.2% 55.7% 58.3%
AR 91.4% 59.1% 44.3% 50.7%
CTL 92.3% 70.9% 39.0% 50.3%
SE 92.3% 74.0% 36.0% 48.4%
MN 89.3% 46.0% 40.7% 43.2%
ET 87.1% 33.7% 29.7% 31.6%
UT 90.6% 57.0% 23.0% 32.8%
IT 90.1% 52.4% 14.7% 22.9%

Macro Avg. 90.9% 57.0% 43.7% 46.9%

Per-category analysis reveals an asymmetry between Precision
and Recall: the Sensitive Equality and Conditional Test Logic classes
achieve high precision (reliable predictions) but low recall (many in-
stances go undetected). The opposite occurs with Exception Catch-
ing Throwing, which presents high recall (few omissions) but mod-
erate precision due to false positives. The macro F1-Score of 46.9%
confirms that while there is reasonable detection capability in some
scenarios, there remains significant room for improvement, espe-
cially for Ignored Test and Eager Test. These results reinforce the
role of NoseSense as a diagnostic instrument, as the confusion
analysis maps the semantic boundaries where LLMs fail, offering
actionable insights for prompt engineering refinement and model
selection.

5 Related Works
The rapid advancement of LLMs has driven the development of
benchmarking tools, such as promptfoo, which, like NoseSense,
enables the comparison of multiple models. They share a focus on
local and integrated execution, offering an automated environment
for validation and analytical report generation [11, 12, 18].

The main divergence between the two tools lies in specialization:
promptfoo has a broad, general-purpose focus, whereas NoseSense
is highly specific to test smell detection. NoseSense is based on a
validated 1,000-sample oracle labeled by JNose [15], a structured
CRISPE-based prompt engine tailored to test smell taxonomy, and
a custom analytical dashboard that produces domain-relevant met-
rics, per-category accuracy, multiclass confusion matrices, along-
side per-class Precision, Recall, and F1-Score, which promptfoo
does not natively provide [11, 12, 18].

Furthermore, NoseSense integrates real-time SSE-based monitor-
ing specifically designed for long-running LLM inference sessions,

whereas promptfoo targets shorter prompt evaluation cycles. In
summary, NoseSense does not compete with promptfoo as a general
benchmarking framework; rather, it delivers a ready-to-use, zero-
configuration instrument that allows researchers to immediately
evaluate any newly released model against an established software
quality oracle, without requiring expertise in prompt engineering
or dataset curation [11, 12, 18].

6 Threats to Validity
We identified several threats to the validity of our study, organized
according to established categories [19].

Construct Validity: Our prompt engineering strategy utilized a
single template style, CRISPE, which may limit the generalizability
of our conclusions. The multiple-choice format restricts the models’
response space and may introduce bias, as models are guided to
choose from predefined alternatives.

Internal Validity: Our metrics are based on a single execu-
tion per sample for each model. Since LLMs are inherently non-
deterministic, repeated executions of the same prompt may yield
different responses. The absence of multiple runs limits our ability
to measure response variance. Additionally, the use of default hy-
perparameters for model inference may influence the determinism
of the generated responses.

External Validity: Due to our choice of Java, our data may not
generalize to other programming languages. The oracle dataset
is subject to the constraints of the JNose tool. Furthermore, the
evaluation dataset represents only a limited sample of the real
world, and results may vary across other project domains.

Conclusion Validity: No qualitative study was conducted to
evaluate the tool with end-users to verify reduction of effort, results,
usability metrics, or evaluations based on real-world tasks.

7 Conclusion
This paper presented NoseSense, a dynamic benchmarking tool de-
signed to address the rapid obsolescence of traditional static studies
evaluating LLMs. By shifting from time-consuming, static analyses
to a pragmatic, real-time validation platform, NoseSense provides
a continuous and reliable metrology instrument for assessing AI
efficacy in test smell detection.

Through its layered architecture and the use of low-latency
communication protocols like SSE, the tool efficiently orchestrates
the simultaneous execution of heterogeneous LLMs. Our empirical
demonstration, encompassing an automated evaluation pipeline
and a comprehensive data visualization environment for 10 distinct
test smell categories, proves NoseSense’s utility in simplifying the
interpretation of complex benchmarking results. NoseSense helps
reduce the barrier for researchers and engineers tomake empirically
informed decisions about the selection of the model for software
quality assurance.

Artifact Availability
The NoseSense tool, including its source code, oracle dataset, and
replication package, is publicly available at: https://doi.org/10.5281/
zenodo.22149462 and https://github.com/arieslab/NoseSense under
the MIT License.

https://doi.org/10.5281/zenodo.22149462
https://doi.org/10.5281/zenodo.22149462
https://github.com/arieslab/NoseSense
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