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Abstract

Manual testing, in which testers follow natural language instructions to validate system behavior, remains essen-
tial for uncovering issues that are difficult to capture with automation. However, manual test cases often contain
test smells, quality issues such as ambiguity, redundancy, or missing checks that reduce reliability, maintainability,
and reproducibility. Existing detection approaches largely depend on manually engineered rules and thus struggle
to generalize and scale across heterogeneous test suites. In our previous work, we assessed the feasibility of using
Small Language Models (SLMs) for test smell detection by evaluating Gemma-3-4B, Llama-3.2-3B, and Phi-
4-14B on test steps from 143 real-world Ubuntu test cases, covering seven smell types. Phi-4-14B achieved the
best performance. In this article, we investigate whether a contemporary Large Language Model (Gemini-3-Pro-
Preview) available at the time of the study can identify test smells in natural language manual test cases using a
prompt-based, whole-test-case analysis strategy. Unlike approaches that analyze individual test steps in isolation,
our approach evaluates complete test cases, enabling the model to consider relationships and dependencies among
test steps. We evaluate the approach on 100 Ubuntu test cases covering seven test smell types and compare its perfor-
mance against previously evaluated SLMs, including Gemma-3-4B, Llama-3.2-3B, and Phi-4-14B. Our results
show that Gemini-3-Pro-Preview outperforms the SLMs, while producing actionable explanations that can help
practitioners revise manual test cases for greater clarity and consistency. We also find that test smells are pervasive
in practice, with nearly one detected test smell per step on average, highlighting the need for scalable and automated
quality support for manual testing artifacts.
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1 Introduction Ambiguous Test smell occurs when a step provides vague in-
structions, such as “Select a keyboard layout and click Con-
tinue”, without specifying which layout should be chosen or
what constitutes the correct selection. In this case, different
testers may legitimately interpret the same step in different

ways, leading to inconsistent test execution and reduced con-

Manual testing is a widely used software verification tech-
nique in which testers execute predefined steps to uncover de-
fects in the system (Hauptmann, 2016; Soares et al., 2023a).
In practice, these steps are typically documented in natu-

ral language and describe how to interact with the system
and what to observe as evidence of correct behavior. Even
in organizations with mature automated testing pipelines,
manual testing remains essential for scenarios that are dif-
ficult to automate or validate reliably with scripts, such
as exploratory workflows, complex user interactions, and
environment-dependent behaviors (Hauptmann et al., 2013).

Despite its importance, this testing approach often suffers
from quality and reliability issues. Manual test descriptions
are frequently authored as operational documentation rather
than as carefully engineered artifacts, and they may be cre-
ated and updated outside formal software engineering prac-
tices (Hauptmann et al., 2013). As a consequence, manual
tests often contain test smells; that is, quality problems that
make tests harder to understand, maintain, and execute con-
sistently. Prior work reports a broad range of such issues,
including ambiguity, redundancy, unnecessary complexity,
missing checks, and checks that are too weak or underspec-
ified (Hauptmann et al., 2013; Juhnke et al., 2021; Junior
et al., 2021, 2020; Soares et al., 2023a). For instance, the

fidence in the test results (Soares et al., 2025).

Improving the clarity and specificity of manual tests is
challenging in practice. Writing high-quality natural lan-
guage instructions requires domain knowledge, testing exper-
tise, and careful attention to phrasing, yet test suites evolve
continuously with the system. As a result, manual test reposi-
tories can accumulate quality issues over time, and systemati-
cally identifying them becomes a recurring maintenance task.
Recent empirical studies have shown that smells in manual
tests are not merely cosmetic, but can hinder execution and
reduce efficiency. For example, Soares et al. (2025) report ev-
idence that test smells can negatively affect the efficiency of
manual test execution. Other studies highlight recurring prob-
lems such as ambiguous descriptions, excessive complexity,
actions without checks, and inadequate checks, which can un-
dermine the effectiveness of manual testing efforts (Soares
et al., 2023a; Peixoto et al., 2025). These findings reinforce
the relevance of practical techniques that help teams continu-
ously assess and improve the quality of manual tests at scale.

However, existing automated support remains limited.
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Many approaches for detecting smells in natural language
rely on manually engineered rules, keyword lists, or heuris-
tics tailored to specific writing conventions. While effective
in narrow settings, such approaches typically require substan-
tial implementation effort, may be brittle under vocabulary or
style variation, and do not scale well across heterogeneous
test suites or evolving projects. This limitation is particularly
problematic because manual tests are often maintained by dif-
ferent contributors over long periods, which naturally leads
to diverse writing styles and inconsistent levels of detail. A
previous approach proposed a tool-based method using natu-
ral language processing to detect manual test smells (Soares
et al., 2023a). However, it does not perform richer semantic
analysis.

In parallel, the rapid evolution of foundation models has
opened new opportunities for analyzing and improving nat-
ural language artifacts in software engineering, providing
richer semantic analysis. In our previous study (Lucas et al.,
2025), we investigated the feasibility of using Small Lan-
guage Models (SLMs) to detect seven types of test smells in
manual test descriptions (Aranda et al., 2024). We evaluated
Gemma-3-4B, Llama-3.2-3B, and Phi-4-14B on a dataset
of 261 test steps extracted from 143 manual test cases of the
Ubuntu operating system, focusing on smells related to am-
biguity, incomplete checks, unnecessary complexity, and re-
dundancy. The results show that SLMs can detect test smells
in practice, with Phi-4-14B achieving the best overall per-
formance and the most stable behavior across temperature
settings.

In this article, we investigate whether contemporary Large
Language Models (LLMs), available at the time of the study,
can provide scalable support for identifying test smells in nat-
ural language manual tests. Our key idea is to analyze com-
plete test cases rather than isolated test-case steps. Whole-
test-case analysis allows the model to leverage step-level con-
text, capture dependencies between actions and verifications,
and detect smells that only become evident when considering
the surrounding steps. This setting is closer to how practition-
ers read and review manual tests, and it enables explanations
that can be grounded in the broader flow of the procedure. We
instantiate this idea using Gemini-3-Pro-Preview with an
improved prompting strategy and evaluate it on 100 Ubuntu
test cases, covering a substantially larger set of test-case steps
and seven test smell types.

We evaluate Gemini-3-Pro-Preview under this whole-
test-case setting. Our results show that Gemini-3-Pro-
Preview consistently outperforms the SLM baselines and
generates explanations that are actionable for revising man-
ual tests. Beyond predictive performance, we provide evi-
dence that test smells are pervasive in practice, with nearly
one test smell per test-case step on average. This highlights
that test smell detection is not a corner case, but rather a re-
curring maintenance concern in real test repositories.

These findings have practical implications for both re-
searchers and practitioners. For practitioners, they suggest
that LLM-based assistants can support systematic review
of manual tests at scale, improving clarity and consistency
while reducing manual inspection effort. For researchers, our
results motivate further work on context-aware test quality
analysis, robust prompting strategies, and hybrid approaches
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that combine model-based reasoning with lightweight checks
and tooling integration. All data and artifacts are publicly
available online (Lucas et al., 2026).

This article is organized as follows. Section 2 describes
the natural language test smells considered in this study. Sec-
tion 3 details our methodology. Section 4 presents and dis-
cusses the results. Section 5 situates our work with respect to
related studies. Finally, Section 6 concludes the article and
outlines implications and future work.

2 Natural Language Test Smells

Manual test cases are often written as natural language pro-
cedures that guide testers through actions and expected out-
comes. Prior work shows that these artifacts frequently suffer
from natural language test smells, that is, recurring quality
issues that reduce clarity, consistency, and maintainability,
and can ultimately compromise the reliability of manual test-
ing outcomes (Hauptmann et al., 2013; Soares et al., 2023a,
2025; Peixoto et al., 2025; Aranda et al., 2024). In this arti-
cle, we focus on seven smells that are both widely discussed
in the literature and directly operationalized in our prompt-
ing strategy: Ambiguous Test, Conditional Test, Eager Ac-
tion, Misplaced Action, Misplaced Precondition, Misplaced
Verification, and Unverified Action (Hauptmann et al., 2013;
Soares et al., 2023a; Aranda et al., 2024). These smells are
particularly relevant because they can be identified from the
text of test steps and their role in the test structure, and they
directly impact test determinism and the ability of practition-
ers to follow and interpret tests consistently (Soares et al.,
2025).

This section provides the background necessary to under-
stand our study. We first introduce the structure of Ubuntu-
style manual test cases in Section 2.1. We then present the
seven test smells analyzed in this work: Ambiguous Test
(Section 2.2), Conditional Test (Section 2.3), Eager Action
(Section 2.4), Misplaced Action (Section 2.5), Misplaced
Precondition (Section 2.6), Misplaced Verification (Sec-
tion 2.7), and Unverified Action (Section 2.8). Finally, Sec-
tion 2.9 discusses the practical relevance of these smells us-
ing evidence from Ubuntu manual-test maintenance. These
sections provide the basis for both the manual annotation pro-
cess and the prompting strategy evaluated in this work.

2.1 Ubuntu-Style Manual Tests

In this article, we focus on manual test cases from the
Ubuntu ecosystem (Ubuntu, 2026). Ubuntu is one of the
most widely used Linux distributions across desktop, cloud,
and ToT settings.! We chose Ubuntu for three complemen-
tary reasons. First, Ubuntu provides a large, publicly accessi-
ble corpus of human-authored manual test cases, curated in
a consistent, semi-structured format, which supports trans-
parent and reproducible experimentation (e.g., the public
ubuntu-manual-tests repository). Second, restricting the
study to a single ecosystem reduces confounding variation
(e.g., domain-specific terminology, documentation conven-
tions, and test templates), helping us isolate language-level

"https://canonical.com/blog/ubuntu-20-04-survey-results
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test smells rather than differences in writing styles across
projects. Third, Ubuntu test cases are authored and main-
tained by a broad community and cover diverse end-user
workflows, which mitigates single-author bias and strength-
ens ecological validity. We view this scope as a conservative
first step; evaluating additional domains (e.g., mobile apps,
web systems, or API-oriented documentation) is left as future
work.

Ubuntu-style manual tests commonly separate what the
tester does from what the tester checks. In Ubuntu’s man-
ual test specifications, the procedure is often encoded using
an HTML-like list structure. A test case is represented as a
<d1> block, where each <dt> element denotes an action step
and each <dd> element denotes a verification step associated
with the most recent action sequence. When a test case re-
quires a prerequisite state or setup condition before execu-
tion, this information should be specified in the precondition
section of the manual test case, before the executable pro-
cedural steps encoded with <dt> and <dd>. In our dataset
of manual tests, however, preconditions are not explicitly
marked with a dedicated HTML tag, unlike the <dt> and
<dd> elements. Instead, the setup description or prerequisite
conditions usually appear separately before the executable
steps, either as free text or as an introductory paragraph pre-
ceding the first test action. Therefore, preconditions describe
the state that must already hold before the tester begins execu-
tion, while the <dt> and <dd> entries represent, respectively,
the tester’s actions and the expected observations during ex-
ecution.

This representation makes the intended role of each step
explicit and supports a structured reading of the test: actions
describe interactions with the system under test, while verifi-
cations describe the expected observable outcomes.

This separation is crucial for two reasons. First, several

smells are defined by role mismatches, such as an action writ-
ten as a verification or a verification written as an action.
Second, the absence of an expected outcome after an action
is itself a smell, because it leaves the tester without guid-
ance about what constitutes correct behavior. In our study,
we therefore interpret <dt> entries as action steps and <dd>
entries as verification steps, using this structural information
both to contextualize smell definitions and to enable the de-
tection of smells that depend on the presence or absence of
verifications.
Example. Listing 12 illustrates the Ubuntu-style encoding,
in which preconditions are listed first, followed by action
and verification elements encoded as <dt> and <dd>, respec-
tively. A verification may state the expected outcome of mul-
tiple preceding actions.

2.2 Ambiguous Test

Definition. Ambiguous Test occurs when a step is vague
or underspecified, leaving room for multiple interpretations
and preventing an objective pass or fail decision (Hauptmann
et al., 2013; Soares et al., 2023a; Aranda et al., 2024). Am-
biguity often stems from indefinite determiners, unclear ref-
erences, subjective qualifiers, or comparative claims without

2Manual test case #1442 Mythbuntu Frontend (image)
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measurable criteria.

Why it is harmful. Ambiguity makes manual testing non-
deterministic. Two testers can follow the same step and legit-
imately choose different inputs, paths, or interpretations of
success, producing inconsistent outcomes and lowering con-
fidence in the test suite (Hauptmann et al., 2013; Soares et al.,
2025).

Examples. The following step is ambiguous because it does
not specify which layout should be selected, which can lead
testers to make different choices.

<dt>Select a keyboard layout and click
Continue</dt>

In the next example, the expected outcome is described using
subjective language, and the test does not define concrete ob-
servable criteria for correctness.

<dt>Press 'Apply'. Verify that the new
resolution is set correctly and that the
screen is still visible.</dt>

2.3 Conditional Test

Definition. Conditional Test appears when a step embeds
branching logic, such as conditions expressed with mark-
ers like if, when, unless, or otherwise (Hauptmann et al.,
2013; Aranda et al., 2024). The presence of conditionals sug-
gests multiple flows inside a single step or uncertainty about
whether the step applies.

Why it is harmful. Conditionals introduce divergence and
can reduce repeatability. Testers may not know whether they
should execute alternative actions, skip steps or stop the test.
This can lead to incomplete coverage or inconsistent execu-
tion across environments and testers (Hauptmann et al., 2013;
Soares et al., 2023a).

Examples. The following step creates two possible states
and does not clarify how the test should proceed in each case.

<dt>Press the 'Super Windows key', or click
the Ubuntu logo in the upper left hand unity
panel and search 'Sound Recorder'</dt>

In the following example, the step depends on a prior condi-
tion: the software must have been successfully installed be-
fore the tester can log out and verify the language selection
options available on the login screen.

<dt>When they have been successfully
installed, log out from the session, and
select alternating languages at the login
screen, next to the right of the session
selector (Xubuntu Session)</dt>

2.4 Eager Action

Definition. Eager Action occurs when a single step groups
multiple distinct actions that should be separated (Haupt-
mann et al., 2013; Aranda et al., 2024). In manual tests,
this often appears as multiple imperative verbs connected by
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Listing 1. Ubuntu manual test case.

The testcase tests the installation and basic functionality of a Frontend.
You will need a MythTV backend in the network to do this testcase completely.

<d1l>

<dt>Go through the Ubiquity install as you would any other install.

[...]

[...1</dt>

<dt>Once the machine boots up, it should boot into the frontend</dt>
<dt>Select "Watch TV". (this will only work if you have a backend already in the network)</dt>

<dd>The demo video should start playing</dd>
</d1>

“and”, “then”, commas, or multiple sentences within a single
step.

Why it is harmful. Bundling multiple actions into one step
reduces granularity and makes debugging difficult. If a later
verification fails, the tester may not know which action
caused the failure. It also increases cognitive load and en-
courages skipping or partially executing instructions (Soares
et al., 2023a, 2025).

Examples. The following step groups several Ul interactions
into a single instruction, which makes it harder to isolate
failures or confirm that each sub-action was completed cor-
rectly.

<dt>0pen the dash and launch rhythmbox by
pressing the super key, and then entering
'rhythmbox'</dt>

In the next example, two sentences still form one step and
bundle multiple operations that would be clearer as separate
steps.

<dt>Select a plugin and configure it by doing
click on "Configure"</dt>

2.5 Misplaced Action

Definition. Misplaced Action occurs when an action instruc-
tion is written in the verification field, that is, in a step
whose role is to state expected outcomes (Soares et al., 2023a;
Aranda et al., 2024). The key signal is imperative action lan-
guage inside a verification context.

Why it is harmful. This smell blurs the separation of re-
sponsibilities. A verification step should describe what to
observe, not what to do. Role confusion increases the like-
lihood of missing checks, repeating actions, or misreporting
failures (Soares et al., 2025).

Examples. The following text is an action instruction appear-
ing in a verification step. In this case, the test mixes proce-
dure and oracle information in the wrong field.

<dd>0Open some windows (e.g. terminal)</dd>

2.6

Definition. Misplaced Precondition occurs when a prereq-
uisite or required state is written as an action or verifica-
tion step, instead of being stated explicitly as a precondi-

Misplaced Precondition

tion (Soares et al., 2023a; Aranda et al., 2024). Common pat-
terns include state descriptions such as the user is logged in,
make sure, assuming, given that, or ensure that followed by
a state rather than an interaction.

Why it is harmful. Preconditions define when a test is ap-
plicable. When they are embedded as ordinary steps, testers
may interpret a missing prerequisite as a product failure,
which can lead to false bug reports and wasted effort during
triage (Hauptmann et al., 2013; Soares et al., 2025).
Examples. The following sentence describes a precondition
state appearing as an action step. In this case, it should be
extracted into an explicit precondition.

<dt>Please ensure the Nautilus window is
running and the Nautilus window is focused
</dt>

The next example is a state assertion rather than an action or
a verification derived from an action, which indicates that it
is a precondition expressed in the wrong location.

<dt>Ensure that Network Manager is running
and that no networks are currently connected
</dt>

2.7 Misplaced Verification

Definition. Misplaced Verification occurs when a verifica-
tion or expected outcome is written in the action field (Soares
etal., 2023a; Aranda et al., 2024). Typical cues include verbs
such as verify, check, confirm, ensure, or outcome statements
with should, must, is displayed, appears, or no error.

Why it is harmful. Mixing checks into action steps can lead
testers to treat verification as optional or to perform checks
at the wrong time. It also complicates automated processing
because the same field contains both procedure and oracle
information (Hauptmann et al., 2013; Soares et al., 2025).
Examples. The following step is phrased as a check and ap-
pears in the action field. In this case, it is a verification written
in the wrong location.

<dt>Run 'apt-get update' and verify that an
ec2 mirror is used</dt>

The next example states an expected outcome rather than an
interaction and is written in the action field. Therefore, it
should be expressed as a verification step.
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Table 1. Catalogued test smells considered in this article.

Test Smell Brief definition

Ambiguous Test Test step is vague or underspecified,
leaving room for interpretation.
Step includes conditional logic ex-

pressed in natural language.

Conditional Test

Eager Action Single step groups multiple distinct ac-
tions that should be separated.

Misplaced Action  Action instruction written as a verifica-
tion step.

Misplaced  Pre- Prerequisite or required state written as

condition an action or verification step.

Misplaced Verifi- Verification or expected outcome writ-

cation ten as an action step.

Unverified  Ac- Action step without a corresponding

tion verification describing expected out-

come.

<dt>0Once the machine boots up, it should boot
into the frontend</dt>

2.8 Unverified Action

Definition. Unverified Action occurs when an action step
has no corresponding verification that states what the tester
should observe after performing that action (Hauptmann
etal., 2013; Aranda et al., 2024). In structured manual tests,
this is often identified by an action that is not followed by
any verification step before the next action begins.

Why it is harmful. Without an explicit oracle, the tester can-
not determine whether the action succeeded or whether the
system behaved correctly. This invites implicit assumptions
and increases variability across testers, which reduces test
reliability and weakens the evidential value of manual exe-
cution (Soares et al., 2025).

Examples. The following instruction describes an interac-
tion but provides no indication of what should be observed
next. Without a subsequent verification step, the action is ef-
fectively unverified.

<dt>Click the Search Icon in the top</dt>
<dt>Input 'test'</dt>
<dd>the 'test' folder was shown?</dd>

In the next example, the test instructs the tester to open the ap-
plication. Without an immediate verification describing the
expected screen or status, the notion of success remains un-
derspecified.

<dt>Open the file manager</dt>

Table 1 summarizes the seven smells targeted by our
prompt and used in our evaluation. The definitions are con-
cise by design, and the preceding subsections provide ratio-
nale and concrete examples to support consistent interpreta-
tion.

2.9 Practical Relevance

Evidence from the Ubuntu manual-tests repository suggests
that the issues captured by our catalogue of test smells arise in
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practice and are actively addressed during routine test mainte-
nance. For instance, in a bug-fix commit (Fix bug #2012346),
maintainers refined a manual test case by clarifying the in-
structions, splitting a previously coarse step into multiple,
more focused test steps, and adding an explicit expected out-
come (i.e., a verification that Ul elements appear in the se-
lected language).> This revision improves precision and re-
duces the risk of underspecified or unverified actions. At the
same time, the patch also illustrates how smells can be in-
advertently introduced during editing: the following newly
added step expresses a check but is recorded as an action
step (i.e., it appears in a <dt> field), which corresponds to
our Misplaced Verification category.

<dt>[...] and verify that an ec2 mirror is
used</dt>

Overall, such changes likely reflect manual review and it-
erative refinement by practitioners, yet they also highlight
the lack of lightweight support for reasoning about the qual-
ity of natural language test cases. Our goal is to automate the
detection of these issues, enabling test authors and review-
ers to identify ambiguous, conditional, misplaced, eager, or
unverified steps earlier and with lower effort.

3 Methodology

This section describes the methodology adopted to evaluate
the ability of foundation models to detect natural language
test smells in Ubuntu-style manual test cases. We define our
study goals and research question (RQ) following the Goal
Question Metric (GQM) paradigm in Section 3.1. We then
present the dataset and annotation procedure in Section 3.2,
describe the prompting strategy used to operationalize the
test smell definitions in Section 3.3, and detail the evaluated
models and evaluation procedure in Sections 3.4 and 3.5, re-
spectively.

3.1 Goal Question Metric

We structure our study using the Goal Question Metric
(GQM) paradigm (Basili et al., 1994). Our goal is to eval-
uate whether a contemporary LLM can accurately identify
test smells in manual test descriptions while providing expla-
nations that are useful to practitioners.

Goal. Analyze Gemini-3-Pro-Preview for the purpose of
evaluating its effectiveness in detecting natural language test
smells in Ubuntu-style manual test cases with respect to
detection performance and explanation usefulness from the
viewpoint of software testers and practitioners in the context
of real-world manual testing artifacts.

Based on this goal, we derive the following RQ:

RQ; To what extent can Gemini-3-Pro-Preview detect nat-
ural language test smells in Ubuntu-style manual test
cases?

Shttps://git.launchpad.net/ubuntu-manual-tests/
commit/?id=def6df4d810dedeeab3fc3a63796aa2c717b33fb
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Metrics. To answer RQ;, we report: (i) aggregated statis-
tics on smell prevalence, including the average number of
detected smells per test-case step, to characterize their fre-
quency in practice; and (ii) detection performance using stan-
dard classification metrics, namely precision, recall, and F
score, computed per smell type and overall. Our ground truth
labels were obtained through manual annotation: from the
2,618 test steps in our dataset, one author annotated a sub-
set of 103 test steps from 15 test cases following the defini-
tions detailed in Section 2. Additionally, we analyze expla-
nation usefulness by verifying whether model-generated ex-
planations identify concrete textual triggers aligned with the
smell definitions.

3.2 Dataset

Our dataset is drawn from the Ubuntu Manual Tests reposi-
tory (Ubuntu, 2026), which contains community-maintained
manual test cases used by the Ubuntu QA (Quality Assur-
ance) team to support release and regression activities, in-
cluding ISO image testing and broader system validation.
Ubuntu is a widely used Linux distribution with a large
global user base, and its QA infrastructure relies on these
manual test specifications to coordinate execution and record
results through instances of the QATracker platform (Haupt-
mann et al., 2013; Soares et al., 2023a). In this study, we
analyze 100 manual test cases from this repository.

3.3 Prompting Strategy

We employ Meta Prompting (Hou et al., 2022; DAIR.AIL
2024) to guide the model in generating and refining our task
prompt. We used ChatGPT 5.2 Thinking in January 2026
to improve the prompt used before (Lucas et al., 2025). Then,
we used Gemini-3-Pro-Preview to improve the prompt
generated by ChatGPT 5.2 Thinking. The resulting prompt
combines a domain-specific persona (QA engineer and test
smell detector), explicit instructions and constraints, and a
small set of few-shot examples to calibrate the desired be-
havior and output format. This process results in the final
prompt, which we present next.

You are an expert QA Engineer and Natural Language Test
Smell Detector.

TASK

Analyze ONE complete manual test case (Ubuntu manual test
style) and detect Natural Language Test Smells for EACH step,
based ONLY on the step text and the step location derived from

the markup:
-<dt> ... </dt> = where = "action"
-<dd> ... </dd> = where = "verification"

IMPORTANT INPUT SHAPE

You will receive the full test case as a single text block that may
contain:

- A title or intro line (plain text)

- An HTML like <d1> list with multiple <dt> and <dd> elements
- Other HTML tags (e.g., <strong>, <a>, etc.) that are NOT steps

You must:
1) Extract ONLY the text inside each <dt> and <dd> (strip tags
inside them, keep the visible text).

2) Treat each <dt> or <dd> as ONE step item, even if it contains
multiple sentences.

3) Ignore any content outside <d1> ... </d1> for smell
detection (including instructions like If all actions
produce...).

OUTPUT (STRICT)
Return ONLY a valid JSON object (no markdown, no extra text)
with EXACTLY these fields:

{

"steps": [

{

"id": 1,

"where": "action",

"text": "Step text as plain text",

"smells": ["Smell Name 1", "Smell Name 2"],
"explanation": "Concise reasoning citing the

exact words or patterns that triggered the
smell(s)."

}

]

}

RULES FOR THE JSON OUTPUT

- "id" must start at 1 and increment by 1 following the order in
the <d1>.

- If no smells apply to a step:

"smells": []

"explanation": "No clear smell indicators in the
step given its field."

- Do NOT add any other JSON fields (no title, no summary, no
counts).

GENERAL RULES (STRICT)

- Be conservative: label a smell only when there is clear evidence
in the step text.

- You may assign multiple smells to the same step.

- Always use the smell names EXACTLY as listed below.

- Explanations must be short (one or two reasons) and MUST
cite exact triggers from the step text

(e.g., contains "if", contains "Verify", contains
"any", multiple imperative verbs: "open",
"click").

- If where="action" and the step mixes actions and verification
language, label BOTH "Eager Action" and "Misplaced
Verification".

- Do NOT infer context outside the step text.

- Do NOT use surrounding steps to decide a smell for the current
step,

EXCEPT for "Unverified Action", which requires checking
whether a <dt> action step

has at least one corresponding <dd> verification step associated
to it by structure.

SPECIAL CASE FOR "Unverified Action"

For "Unverified Action" only, you may use the <d1> order
to check whether a <dt> action step

is followed by a corresponding <dd> verification step (before
the next <dt>).

For all other smells, do not use surrounding steps.

SMELLS AND RULES (STRICT)

1) "Ambiguous Test"

Definition: Vague, subjective, or underspecified step; pass or
fail is not objectively verifiable.

Mark if ANY trigger applies:

A) Verb + indefinite determiner or vague quantity targeting an
open-ended object:

- Patterns like: "Open any ...", "Select a ...", "Choose
some ...","Pick several ..."
- Indefinite determiners or quantities: "any", "a", "an",

"some", "a few", "several", "various", "a lot"
- IMPORTANT: Only mark this when the object is not uniquely
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identified

(no clear label or identifier like quoted UI text, exact value, ID,
or precise menu path).

B) Indefinite pronouns or unclear referent:

- "something", "someone", "somewhere", "anything",
"anyone", "anywhere", "everything"

- "it/this/that" ONLY if the referent is unclear inside the
same step text.

C) Subjective adverbs or adjectives or phrases:

- "as expected", "properly", "correctly",
"user-friendly", "randomly", "normally",
"adequately", "quickly/fast"

D) Comparative or superlative language without objective
metric:

- "better", "worse", "faster", "more stable", "best",
"most", "least"

2) "Conditional Test"

Definition: Introduces branching logic or depends on a condition,
implying multiple flows.

Mark if the step contains conditional markers:

"if", "when", "unless", "in case", "depending on",
"whether", "as long as", "otherwise", "only if"

3) "Eager Action"

Definition: A single step groups multiple distinct actions that
should be separate.

Mark if there are two or more distinct operations, signaled by:

- multiple imperative verbs, and or connectors: "and", "then",
commas, "after", "followed by"

- multiple sentences within the same step that contain multiple
operations

Examples of action verbs: Open, Click, Select, Type,
Navigate, Install, Run, Adjust, Press, Tap,
Choose, Enter

4) "Misplaced Action"
Definition: Action instructions written in the verification field.

Mark ONLY IF:

- where == "verification"

- AND the step contains imperative action verbs (e.g., "Click",
"Open", "Type", "Select", "Adjust", "Install",
"Navigate")

5) "Misplaced Precondition"

Definition: Prerequisite or setup or state written in action or
verification instead of precondition.

Mark ONLY IF:

-wherein ["action","verification"]

- AND the step is primarily a prerequisite or state (not an action),
e.g.

- SUT state pattern: "X is/are/was/were/has/have ..."
+ adjective or past participle (e.g., "The user is logged
in.")

- explicit cues: "Precondition:", "Prerequisite:", "Make
sure", "Assuming", "Given that", "Ensure" (state)

6) "Misplaced Verification"

Definition: Verification or checking written in the action field.
Mark ONLY IF:

- where == "action"

- AND the step includes verification verbs or outcome assertions:
- verification verbs: "Verify", "Check", "Ensure",
"Confirm", "Validate", "Observe"

- outcome language: "should", "must", "is displayed",
"appears", "changes", "is updated", "is saved", "no
error", "successfully"

7) "Unverified Action"

Definition: Action steps that miss corresponding verification
steps.

Problem: Absent verification steps negatively affect test
execution and correctness since there is no instruction on
how the system should behave, leaving room for the testers’
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interpretation.

Identification (STRICT): Mark ONLY IF:

- where == "action"

- AND the step is an action instruction (contains imperative
action verb like "Open", "Click", "Select", "Type",
"Navigate", "Install", "Run", "Press", etc.)

- AND the step does NOT contain verification or outcome

language by itself
(e.g., "Verify", "Check", "Ensure", "Confirm",
"should", "is displayed", "appears", "no error",

"successfully")

- AND there is NO corresponding verification step structurally
linked to it:

- i.e., there is no <dd> step immediately following this <dt>
before the next <dt>, in the extracted <d1> order.

Notes to reduce false positives:

- If the action step itself contains verification or outcome
language, do NOT mark "Unverified Action".

Instead, if where == "action", mark "Misplaced
Verification" and possibly "Eager Action" per the rules
above.

- Do not search for a verification elsewhere in the test case. Only
consider the immediately following <dd> as the correspondence
rule.

FEW-SHOT EXAMPLES (FULL TEST CASE STYLE)

Input test case:

<d1>

<dt>0pen the browser and navigate to
Google.</dt>

<dt>Select the Settings menu and click
Advanced.</dt>

<dd>The Advanced settings are displayed.</dd>
</d1>

Output:

{

"steps": [

{ "id": 1, "where": "action", "text": "Open the
browser and navigate to Google.", "smells":
["Eager Action","Unverified Action"],
"explanation": "Multiple imperative verbs:
'Open' and 'navigate' connected by 'and'. No
immediate <dd> verification follows this <dt>."
},

{ "id": 2, "where": "action", "text": "Select
the Settings menu and click Advanced.",
"smells": ["Eager Action"], "explanation":
"Multiple imperative verbs: 'Select' and
'click' connected by 'and'. An immediate <dd>
verification follows this <dt>." },

{ "id": 3, "where": "verification", "text": "The
Advanced settings are displayed.", "smells": [],
"explanation": "No clear smell indicators in the
step given its field." }

]

}

NOW ANALYZE THIS INPUT TEST CASE
<test_case>

{test}

</test_case>

For clarity, the phrase “not an action” is intended to
exclude not only procedural actions but also verification
statements and outcome assertions. Verification-oriented text
is captured separately by the Misplaced Verification smell,
whereas Misplaced Precondition is reserved for prerequisite
states and setup conditions that should appear in the precon-
dition section of the test case.

In the prompt, test represents the Ubuntu test case. For
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example, test corresponds to the test case in Listing 1. To
guide Gemini-3-Pro-Preview in detecting test smells, we
designed a structured prompt that (i) embeds the definitions
of the seven smells considered in this study, grounded in
the definitions used in prior work (Hauptmann et al., 2013;
Soares et al., 2023a; Aranda et al., 2024), and (ii) explicitly
encodes the Ubuntu manual test representation. In particular,
the prompt explains that Ubuntu test cases are provided as
an HTML-like <d1> block, where each <dt> element corre-
sponds to an action step (what the tester does) and each <dd>
element corresponds to a verification step (what the tester
checks). The model is instructed to extract only the text in-
side <dt> and <dd>, treat each extracted element as a sin-
gle step item, and ignore any content outside the <d1> block.
The prompt enforces a strict JSON schema with one entry per
step, including the step role, the predicted smell labels, and a
short explanation that cites concrete textual triggers (e.g., the
presence of conditional markers, vague quantifiers, or multi-
ple imperative verbs). Finally, the prompt includes a special
rule for Unverified Action, allowing the model to use only
the local <d1> order to determine whether an action step is
followed by a corresponding verification step, while requir-
ing all other smells to be decided solely from the current step
text.

3.4 Model

We selected Gemini-3-Pro-Preview (Google) because it is
widely used in practice and is consistently ranked among
the most competitive models on LLM Arena (Chiang et al.,
2024). We accessed the model through the official API and
used the default inference settings provided by the API client.
All experiments were conducted between January and Febru-
ary 2026.

3.5 Evaluation Procedure

For each test case, we run Gemini-3-Pro-Preview with our
prompting strategy and obtain, for every test step, (i) a pre-
dicted set of smell labels and (ii) a short, evidence-grounded
explanation. We evaluate a subset of these predictions by
comparing the model-assigned labels against a manually es-
tablished reference. Concretely, one author labeled the se-
lected steps according to the smell definitions in Section 2;
we treat these annotations as ground truth to compute preci-
sion, recall, and F; score. We consider a prediction correct
if the model assigns exactly the same set of smell labels as
the manual annotation for the corresponding step. In addition
to label agreement, we qualitatively inspect explanations to
verify whether they cite explicit textual cues (e.g., keywords,
patterns, or phrasing) that are consistent with the correspond-
ing smell definitions.

Given the cost of manual labeling, we manually inspected
n = 103 test steps drawn from 15 test cases, out of a pop-
ulation of N = 2,618 steps. Under a finite-population as-
sumption and worst-case proportion (p = 0.5), this sample
size yields an approximate 95% margin of error of about
+10 percentage points when estimating step-level propor-
tions. To improve coverage under a limited labeling budget,
we adopted a stratified sampling strategy that includes both
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smelly and non-smelly steps and prioritizes the most frequent
smell categories. We therefore treat this manual assessment
as an initial, cost-effective validation, and we discuss larger-
scale annotation as future work.

4 Results

This section presents the results of our empirical evaluation.
Section 4.1 characterizes the prevalence of test smells across
the analyzed Ubuntu test cases and reports the smells identi-
fied by Gemini-3-Pro-Preview. Section 4.2 compares the
model predictions against a manually annotated baseline to
assess detection performance. We then compare Gemini-3-
Pro-Preview with ChatGPT 5.2 Thinking in Section 4.3,
discuss the relationship between our findings and previous
results obtained with SLMs in Section 4.4, and compare our
approach with the rule-based Manual Test Sensei tool in Sec-
tion 4.5. Finally, Section 4.6 discusses the main threats to
validity of our study.

4.1 RQ;. Gemini-3-Pro-Preview

We report the results of manual test smell detection using
Gemini-3-Pro-Preview as the underlying model. The an-
alyzed corpus contains 100 manual test cases with 2,618
test steps in total. Across all steps, Gemini-3-Pro-Preview
flagged 2,293 smell instances (i.e., a step may contain multi-
ple smells). Out of the 2,618 steps, 1,533 steps (58.56%) con-
tain at least one smell, while 1,085 steps (41.44%) contain no
smells. This indicates that smell occurrences are common at
the step level: more than half of the steps are affected by at
least one natural language issue.

We quantify density in two complementary ways.
First, the overall smell density is 0.876 smells per step.
Second, considering only steps that exhibit at least one
smell, Gemini-3-Pro-Preview reports an average of
1.496 smells per smelly step, indicating that multi-smell
steps are common. Smell counts also vary substantially
across test cases. The minimum is one smell, observed in
packages/1423_LibreOffice/libreoffice/1bc-004.*
This test case contains only two steps, and exactly one is
flagged with Eager Action.

<dt>0Open the dash and launch LibreOffice
Writer by pressing the super key, and then
entering 'writer'</dt>

Gemini-3-Pro-Preview produces the following output:

Smells: Eager Action
Explanation: Multiple imperative verbs and ac-
tions: ‘Open’, ‘launch’, ‘pressing’, ‘entering’ con-
nected by ‘and’, ‘and then’.
As another example, consider the test case
image/1461_MAAS (Installer)/maas/maas-001.>
This test case includes 13 test steps, and each step is

4Manual test case #1423 (packages)
SManual test case #1461 (image)
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annotated with up to three test smells. For instance, consider
the second action step:

<dt>Please ensure you have full control over
the network</dt>

Gemini-3-Pro-Preview returns the following prediction:

Smells: Ambiguous Test; Misplaced Precondition;
Misplaced Verification
Explanation: Contains subjective phrase ‘full con-
trol’. Step describes a prerequisite state (‘Please en-
sure you have...’). Contains verification verb ‘en-
sure’ in the action field.

In this case, the test case does not provide an explicit pre-
condition field. As a result, Gemini-3-Pro-Preview can-
not disambiguate whether the sentence should be modeled
as (i) a precondition that was placed in an action step, or
(i1) a verification statement that should appear as a <dd> but
was mistakenly written as a <dt>. Consequently, Gemini-3-
Pro-Preview reports both Misplaced Precondition and Mis-
placed Verification. It also flags Ambiguous Test, since the
phrase “full control over the network” is underspecified and
does not define an objective, verifiable condition.

At the step level, the maximum number of smells observed
in a single test step is 4. At the test-case level, the maximum is
101 test smells, observed in 1460_iSCSI Authenticated
Root Installation.® This test case includes 51 test steps,
and each step is annotated with one to three test smells. For
instance, consider the following action step:

<dt>0n Keyboard Layout select No and press
Enter</dt>

Gemini-3-Pro-Preview produces the following output:

Smells: Eager Action, Unverified Action
Explanation: Multiple imperative verbs ‘select’ and
‘press’ connected by ‘and’. No immediate <dd> ver-
ification follows this <dt>.

In Figure 1, the number of test steps per test case varies
moderately (median = 23), with a few longer outliers reach-
ing 84-85 steps; similarly, total test smell instances per test
case have median = 19.5 and show a heavy tail with outliers
up to 101.

Complementarily, Figure 2 shows the distribution of abso-
lute counts for each smell type across test cases. The distri-
butions shown in Figure 2 indicate that Unverified Action,
Ambiguous Test, Eager Action, Misplaced Verification, and
Conditional Test are recurrent across the analyzed test cases,
whereas Misplaced Action and Misplaced Precondition tend
to appear less frequently. The presence of several high-value
outliers further indicates that some test cases accumulate sub-
stantially more smell instances than others. Together, Fig-
ures 1 and 2 suggest that natural language test smells are
widespread throughout the corpus, although their distribution
is uneven across both test cases and smell categories.

SManual test case #1460 (image)
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Figure 2. Absolute test smell counts per test case.

This spread suggests that some test cases are compara-
tively clean, whereas others concentrate a large number of
issues and would likely require substantial rewriting to im-
prove readability and verifiability. At the corpus level, the
three most common smells are Unverified Action (580), Ea-
ger Action (563), and Ambiguous Test (465). See more de-
tails in Table 2. Together, these categories account for the
majority of all detected smell instances, indicating that veri-
fication clarity, step granularity, and ambiguity are recurrent
problems in the analyzed test steps.

Beyond counting how many times each smell occurs at the
step level, we also measure prevalence at the test-case level:
for each smell, we compute the percentage of test cases (out
of 100) that contain at least one instance of that smell. Ta-
ble 2 shows that test smells are widespread across the an-
alyzed manual test cases. The most prevalent smells are Ea-
ger Action (94%) and Ambiguous Test (92%), indicating that
most test cases include steps that either bundle multiple ac-
tions or rely on vague and subjective wording. Misplaced
Verification is also frequent (76%), suggesting that verifi-
cation statements are often written in the wrong field (e.g.,
expressed as actions). Mid-level prevalence smells include
Conditional Test (65%) and Unverified Action (64%), high-
lighting that conditional branching and missing/insufficient
verification occur in roughly two thirds of the test cases. In
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Table 2. Prevalence of each test smell across 100 test cases (percent-
age of test cases with at least one instance) and total occurrences in
all steps.

Test smell Count Prevalence (%)
Eager Action 563 94%
Ambiguous Test 465 92%
Misplaced Verification 303 76%
Conditional Test 200 65%
Unverified Action 580 64%
Misplaced Action 139 26%
Misplaced Precondition 43 23%

contrast, Misplaced Action (26%) and Misplaced Precondi-
tion (23%) are less common, implying that field misplace-
ment affects a smaller subset of the corpus.

4.2 Manual Analysis

It is important to interpret our results against a baseline. How-
ever, since the dataset contains 2,618 test steps, manually
reviewing all steps would be prohibitively time-consuming.
Therefore, the first author manually analyzed 103 steps sam-
pled from 15 test cases and used these annotations as a base-
line. Using this baseline, our Gemini-3-Pro-Preview-based
approach achieves 0.92 precision and 0.91 recall, with an F;
score of 0.91.

Overall, Gemini-3-Pro-Preview correctly detected most
smell categories. In some cases, the model identifies lo-
cal cues (e.g., multiple verbs or embedded assertions)
but misses the broader pattern of missing verification.
For example, consider the test case 1482 _Wireless
Networking/hwn-001.” This test case includes 11 steps.
Consider the following action step:

<dt>Run <code>route -n</code>. Note the IP
address in the Gateway column. (not "0.0.0.0")
</dt>

The annotation produced by Gemini-3-Pro-Preview is as
follows:

Smells: Eager Action, Misplaced Verification

Explanation: Multiple imperative verbs: ‘Run’
and ‘Note’. Contains outcome assertion ‘(not
“0.0.0.0”)°

According to our baseline, these two smells are correctly
identified. However, the step also exhibits Unverified Ac-
tion: the instruction asks the tester to execute a command and
inspect its output, yet the surrounding steps do not provide an
explicit, dedicated verification (i.e., a clear <dd> check) that
confirms the intended system behavior. In this case, Gemini-
3-Pro-Preview does not flag Unverified Action, likely be-
cause the expected value is embedded inline rather than ex-
pressed as a standalone verification step, and because the
subsequent step is also an action, which further obscures the
missing verification structure.

A non-negligible portion of the disagreements with our
baseline involved Ambiguous Test. For example, consider
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again the test case 1482_Wireless Networking/hwn-001
and the following action step:

<dt>After approximately 30 seconds, open the
network manager</dt>

Gemini-3-Pro-Preview does not flag any smell for this
step. In contrast, our domain specialist labeled it as Ambigu-
ous Test, because the waiting time (“approximately 30 sec-
onds”) is not precisely defined and may introduce variability
in outcomes across executions or environments. This exam-
ple also illustrates that Ambiguous Test can be inherently sub-
jective: depending on the context, “approximately” may be
acceptable operational guidance, yet it can also be interpreted
as underspecification when timing differences can affect the
observed behavior. Consequently, in borderline cases like
this, it is not always straightforward to determine whether
a step should be considered ambiguous.

4.3 ChatGPT 5.2 Thinking

Several other LLMs are available for this task. Among them,
ChatGPT 5.2 Thinking has shown strong performance in
community-driven evaluations such as LLM Arena (Chiang
et al., 2024). In February 2026, we manually executed the
same prompt described in Section 3.3 using ChatGPT 5.2
Thinking in thinking mode, with one temporary conversa-
tion per query to avoid cross-query contamination. We eval-
uated 103 test steps sampled from 15 test cases, for which
the first author had previously established a manual baseline.
Using this baseline, our ChatGPT 5.2 Thinking-based ap-
proach achieves 0.84 precision and 0.80 recall, with an F;
score of 0.82. Overall, its performance is inferior to Gemini-
3-Pro-Preview.

Overall, ChatGPT 5.2 Thinking correctly detected most
smell categories, but it missed some cases.

We also revisited the two representative disagreement
cases discussed in Section 4.2, where Gemini-3-Pro-
Preview failed to reproduce the manual baseline. Inter-
estingly, ChatGPT 5.2 Thinking correctly identified the
smells missed by Gemini-3-Pro-Preview in both cases.

In test case image/1303_Live Session (Test-case
Live Session Start)®, ChatGPT 5.2 Thinking
matched the baseline by flagging the step as ambiguous,
whereas Gemini-3-Pro-Preview reported no smell. The
analyzed step is shown next:

<dt>Boot up the image</dt>

ChatGPT 5.2 Thinking identifies the expression “the im-
age” as under-specified:

Smells: Ambiguous Test
Explanation: Target is
the image’ is not uniquely
name/ID/version/path,).

under-specified:
identified (no

By contrast, Gemini-3-Pro-Preview does not flag the
step:

8Manual test case #1303 (image)
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Smells: None
Explanation: No clear smell indicators in the step
given its field.

A similar situation occurred in
hardware/1482_Wireless Networking’, where Chat-
GPT 5.2 Thinking correctly identified ambiguity in a step
that Gemini-3-Pro-Preview considered smell-free. The
analyzed step is shown next:

<dt>After approximately 30 seconds, open the
network manager</dt>

ChatGPT 5.2 Thinking identifies the phrase “approxi-
mately 30 seconds” as vague timing, which may hinder con-
sistent test execution:

Smells: Ambiguous Test

Explanation: Uses vague timing “approximately 30
seconds”, which is under-specified for consistent ex-
ecution.

By contrast, Gemini-3-Pro-Preview does not flag the
step:

Smells: None
Explanation: No clear smell indicators in the step
given its field.

Together, these examples suggest that, although Gemini-
3-Pro-Preview achieves better aggregate performance,
ChatGPT 5.2 Thinking may be more sensitive to subtle
ambiguity and more closely aligned with human judgment
in borderline cases.

4.4 SLMs

In our prior work (Lucas et al., 2025), we evaluated Gemma-
3-4B (Team et al., 2025), Llama-3.2-3B (Touvron et al.,
2023), and Phi-4-14B (Abdin et al., 2024) on 261 individual
test steps extracted from 143 real-world Ubuntu manual test
cases, targeting seven natural language test smells. Among
the evaluated SLMs, Phi-4-14B achieved the best perfor-
mance, reaching a pass@2 of 97% for detecting steps con-
taining test smells, while Gemma-3-4B and Llama-3.2-3B
achieved around 91%. Beyond accuracy, the results indicated
that SLMs can provide a low-cost, concept-driven alternative
to rule-heavy approaches, enabling smell identification with-
out extensive syntactic analysis and offering practical advan-
tages such as local deployment and improved data privacy.
In the present work, we extend this investigation in three
key ways. First, we move from step-level inputs to analyz-
ing complete test cases, which better reflects how manual
tests are authored and reviewed, but also increases input
length and contextual dependencies, potentially challenging
smaller models. Second, we strengthen the prompting strat-
egy by embedding the full set of smell definitions and ex-
plicit identification rules in the prompt, and by enforcing
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strict evidence-grounded explanations. Compared to our ear-
lier SLM setting, this reduces the likelihood of guessing and
encourages the model to align predictions with concrete tex-
tual cues and with the action versus verification roles im-
plied by the Ubuntu <d1>/<dt>/<dd> structure. Third, we
scale the analysis to 100 complete Ubuntu test cases, allow-
ing us to better characterize smell prevalence in practice.
While this LLM-based setting introduces higher inference
cost and requires sending data to an external API, our results
show that Gemini-3-Pro-Preview achieves excellent per-
formance even with pass@1, and produces concise explana-
tions that can support practitioners in improving the clarity
and consistency of manual test cases.

Analyzing each test step in isolation, as in our prior
work (Lucas et al., 2025), can lead to false positives be-
cause some smells depend on information that is only avail-
able at the test-case level. In such situations, considering
the surrounding steps provides essential context. For ex-
ample, consider the test case hardware/1467_External
Microphone.'? and the following action step:

<dt>Connect the microphone to the computer.
(This can include a microphone on a headset)
</dt>

The annotation produced by Gemini-3-Pro-Preview is as
follows:

Smells: Unverified Action

Explanation: Action step ‘Connect’ is not followed
by a verification step and contains no verification
language.

Under a strictly step-level analysis, our previous approach
would likely flag Ambiguous Test, since the referenced
commands are not listed within the step itself. However,
when inspecting the full test case, the missing details are
provided in subsequent steps: the test case enumerates seven
concrete commands to execute. This example highlights a
key trade-off. Step-level processing can be useful for mod-
els with limited context windows (Brown et al., 2020), but it
may also overlook cross-step dependencies and thereby pro-
duce incorrect smell assignments when critical information
is distributed across the test case.

Overall, the comparison highlights a trade-off between
SLMs and LLMs. SLMs offer lower inference cost, easier
local deployment, and stronger privacy and control guaran-
tees, but they may be more sensitive to prompt length and
long-range context when the input grows from isolated steps
to complete test cases. In contrast, LLMs such as Gemini-3-
Pro-Preview tend to handle longer inputs and richer contex-
tual dependencies more reliably and can generate more con-
sistent, evidence-grounded explanations, but at the expense
of higher runtime cost and reliance on external APIs, which
may raise data governance and reproducibility concerns.

4.5 Manual Test Sensei
Soares et al. (2023a) proposed Manual Test Sensei, an NLP-
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based tool to detect natural language test smells in manual
test descriptions, including the smell types considered in this
article. Their approach implements a set of hand-crafted iden-
tification rules using Python and spaCy (2026), relying pri-
marily on lexical and shallow linguistic cues. In practice,
each smell is associated with a list of indicator terms and
patterns (e.g., specific keywords, verb forms, or markers of
optionality and subjectivity), and the tool flags a step when
these indicators are present.

In contrast, we adopt an LLM-based approach that sup-
ports richer semantic reasoning beyond surface-level key-
word matching. Our work investigates a model-based setting
in which Gemini-3-Pro-Preview performs smell detection
by considering the full step text and its role in the test case
structure, relying on explicit smell definitions and identifica-
tion rules embedded in the prompt rather than fixed indicator
lists. This design enables more context-sensitive judgments
and can reduce false positives caused by purely lexical cues.

We used the results of Manual Test Sensei run on Ubuntu
test cases (Soares et al., 2023a).!! We evaluated 103 test steps
sampled from 15 test cases, for which the first author had pre-
viously established a manual baseline. Using this baseline,
Manual Test Sensei achieves 0.70 precision and 0.62 recall,
with an F; score of 0.66. Overall, its performance is inferior
to Gemini-3-Pro-Preview and ChatGPT 5.2 Thinking.

In some steps, both approaches agree. For example, in the
Ubuntu test case packages/1650_hardinfo'?, the follow-
ing action step appears:

<dt>Enter the name of the file and Click on
"Save" button</dt>

Both Manual Test Sensei and our Gemini-3-Pro-
Preview-based approach correctly flag this step as Eager
Action, since it bundles two distinct actions (entering the file
name and clicking the “Save” button) into a single test step.

However, consider the test case image/1337_Install
(Default)'? and the following action step:

<dt>At "Write changes to disks", verify that
everything is right and select YES</dt>

The annotation produced by Gemini-3-Pro-Preview is as
follows:

Smells: Ambiguous Test;, Eager Action, Misplaced
Verification

Explanation: Contains indefinite pronoun ‘every-
thing’ and subjective adjective ‘right’. Combines
multiple operations: ‘verify’ and ‘select’. Uses ver-
ification verb “verify’ in the action field.

Manual Test Sensei correctly detects Eager Action and
Misplaced Verification. It also flags Unverified Action
because there is no dedicated <dd> verification following
this <dt>. In this particular case, however, the verification

https://github.com/easy-software-ufal/
manual-test-sensei/blob/main/ManualTestSensei/
results-20230329-125316-en_core_web_lg.csv

12Manual test case #1650 (packages)

3Manual test case #1337 (image)
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Gemini 3 GPT-5.2
Gemini 3
GPT-5.2
Sensei
Sensei

Figure 3. Venn diagram (N = 103) of steps where each tool exactly
matches the baseline smell set.

is embedded within the action step itself; thus, the absence
of a separate <dd> is not necessarily incorrect, but rather re-
flects a redundant (or mixed) formulation. Finally, Manual
Test Sensei does not identify Ambiguous Test in this step,
whereas Gemini-3-Pro-Preview flags ambiguity due to the
subjective expression “everything is right,” which lacks an
objective acceptance criterion.

Overall, Gemini-3-Pro-Preview attains the highest
exact-match count (87/103): 51 steps are correctly labeled
by all three tools, 18 are shared exclusively with ChatGPT
5.2 Thinking, 10 are shared exclusively with Sensei, and 8
are uniquely correct. ChatGPT 5.2 Thinking is correct in
72/103 steps (51 shared by all, 18 shared exclusively with
Gemini-3-Pro-Preview, 1 shared exclusively with Sensei,
and 2 uniquely correct). Sensei is correct in 63/103 steps (51
shared by all, 10 shared exclusively with Gemini-3-Pro-
Preview, 1 shared exclusively with ChatGPT 5.2 Think-
ing, and 1 uniquely correct). Importantly, the tools are com-
plementary: at least one tool matches the baseline in 91/103
steps, leaving 12 steps where none of the three tools repro-
duces the baseline exactly.

4.6 Threats to Validity

This study is subject to threats to validity that may affect our
results and interpretations (Sallou et al., 2024). We discuss
the main threats and the mitigation actions adopted.

4.6.1 Internal Validity

Our evaluation relies on manual annotations for a subset
of the analyzed test cases. This process is inherently error-
prone and may introduce subjectivity, since some smell def-
initions can leave room for interpretation and different an-
notators may disagree on borderline cases. To mitigate this
threat, we base labeling on explicit definitions and identifi-
cation rules, which are also embedded in the prompt, and
we require the model to justify predictions by citing concrete
textual triggers present in the step. In addition, the manually
inspected sample was reviewed to reduce labeling mistakes
and to avoid misinterpretations when assessing model out-
puts and explanations.


https://github.com/easy-software-ufal/manual-test-sensei/blob/main/ManualTestSensei/results-20230329-125316-en_core_web_lg.csv
https://github.com/easy-software-ufal/manual-test-sensei/blob/main/ManualTestSensei/results-20230329-125316-en_core_web_lg.csv
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https://github.com/easy-software-ufal/manual-test-sensei/blob/main/testcases/image/1337_Install%20(Default)
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4.6.2 Construct Validity

We operationalize smell detection as a multi-label classifica-
tion problem at the step-level within a whole-test-case con-
text. Although we analyze complete test cases, our ground
truth is established by labeling individual steps according to
the catalogued smells, and our metrics (precision, recall, and
F; score) measure agreement with these labels rather than
downstream impacts such as execution time, fault detection
effectiveness, or maintenance effort. Moreover, explanation
usefulness is assessed qualitatively by checking whether ex-
planations cite evidence aligned with the smell definition,
which remains a proxy for practical usefulness rather than
a direct measure of developer benefit.

Another threat concerns the prompting strategy adopted in
this study. The reported results depend on the specific com-
bination of smell definitions, identification rules, examples,
and meta-prompting instructions used to construct the final
prompt. Alternative prompt formulations could lead to differ-
ent performance levels. To facilitate replication and future
comparisons, we provide the complete prompt used in our
study. Investigating prompt sensitivity remains an important
direction for future work.

4.6.3 External Validity

Our dataset is drawn from Ubuntu manual test cases,
which follow a specific writing style and a structured
<d1>/<dt>/<dd> representation. While Ubuntu is a widely
used open-source system with a mature QA process, the
prevalence of smells and the model performance may differ
in other projects, domains, or manual testing formats. In addi-
tion, our evaluation is limited to a single contemporary model
available at the time of the study (Gemini-3-Pro-Preview).
Therefore, the results may not generalize to other LLMs or
to smaller open models without further investigation.

Our results may also not fully generalize over time because
LLM behavior can change due to model updates and API-
level defaults, and outputs may vary under non-deterministic
decoding. To support future replications, we report the exe-
cution period (January and February 2026) and adopt a fixed
prompting strategy with strict output constraints. Even so,
performance and explanations may differ in later versions of
the model.

4.6.4 Conclusion Validity

Our conclusions about the effectiveness of Gemini-3-Pro-
Preview are based on the test cases analyzed and on a manu-
ally inspected sample used to compute performance metrics.
Although we observe frequent smell occurrences and encour-
aging detection performance, broader conclusions require ad-
ditional evaluations on larger samples, more projects, and
alternative test repositories. We therefore interpret the find-
ings as evidence of practical promise rather than as definitive
proof of general applicability.
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5 Related Work

Hauptmann et al. (2013) argue that natural language test
cases, which are widely used in system testing, are often writ-
ten without following established best practices and therefore
become difficult to maintain, hard to understand, and ineffi-
cient to execute. Inspired by the established notions of code
smells and test smells, the authors introduce the concept of
Natural Language Test Smells to characterize recurring qual-
ity problems in manual test cases written in natural language.
To investigate the prevalence of these issues in practice, they
conduct an empirical study on more than 2,800 test cases
from seven industrial test suites, examining the occurrence of
Natural Language Test Smells in real-world system-testing
artifacts.

Soares et al. (2023a) present an empirical study on test
smells in manual tests written in natural language, motivated
by the observation that poorly described manual tests can suf-
fer from issues analogous to those found in automated tests,
potentially harming maintainability, coverage, and reliabil-
ity. To address the limited knowledge about the types, fre-
quency, and impact of such smells, the authors aim to con-
tribute a dedicated catalog for manual test artifacts. They fol-
low a two-fold strategy. First, they conduct an exploratory
study on manual tests from three systems (Ubuntu, the Brazil-
ian Electronic Voting Machine, and the user interface of a
major smartphone manufacturer), and propose a catalog of
eight natural language test smells along with identification
rules based on syntactic and morphological text analysis,
which they validate with 24 in-company test engineers. Sec-
ond, they implement an NLP-based tool derived from these
rules to automatically analyze the tests of the studied systems
and validate its results. Their findings show frequent occur-
rences of the eight smells in practice; practitioners largely
agree with the proposed definitions and examples (80.7%
agreement), and the tool achieves high detection effective-
ness (precision 92%, recall 95%, Fy score 93.5%), reporting
13,169 smell occurrences across the analyzed systems. The
study concludes that a dedicated catalog and NLP-based de-
tection strategies can reduce the effort of analyzing manual
tests, including in multilingual contexts.

Aranda et al. (2024) address the problem of test smells in
natural language manual tests, noting that such smells can
hinder testing activities by reducing maintainability, induc-
ing non-deterministic behavior, and leading to incomplete
verification. While prior work has catalogued smells in nat-
ural language tests, the authors highlight a gap in systematic
and automated approaches for their removal. To fill this gap,
they introduce (i) a catalog of transformations designed to
remove seven natural language test smells and (ii) a compan-
ion tool that applies these transformations using Natural Lan-
guage Processing techniques. Their goal is to improve the
quality and reliability of natural language tests during soft-
ware development. The paper evaluates these contributions
through a two-fold empirical strategy. First, a survey with 15
software testing professionals assesses the acceptance and
perceived usefulness of the proposed transformations. Sec-
ond, an empirical study evaluates the automated tool by ap-
plying it to real-world test cases from the Ubuntu operating
system. The results suggest that practitioners consider the
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transformations valuable, and the tool achieves a promising
level of effectiveness, reporting an F-measure of 83.70%.

Soares et al. (2025) investigate the impact of test smells
in natural language manual test descriptions, a topic that
has received substantially less attention than smells in auto-
mated tests. Motivated by the observation that such smells
may harm maintainability, introduce non-deterministic exe-
cution, and lead to incomplete verification, the authors note
that prior work has mostly focused on cataloging smells, with
limited empirical evidence about their effects on test effec-
tiveness. To address this gap, they conduct a controlled ex-
periment with 30 participants from academia and industry
and study two smells, Ambiguous Test and Eager Action.
They evaluate whether these smells increase (i) test execu-
tion time, (ii) the number of steps or screens required to com-
plete the tests (screen flow), and (iii) divergence in partic-
ipants’ perceptions of test success. Their results show that
Ambiguous Test can increase execution time by up to five
times and screen flow by up to seven times, whereas Eager
Action does not increase execution time or screen flow when
the grouped actions are dependent on one another. The study
concludes by highlighting the need for better-designed man-
ual test descriptions to improve clarity, consistency, and ex-
ecution efficiency.

Beyond test cases, related efforts also use NLP to iden-
tify quality issues in other natural language artifacts. Veizaga
et al. (2024), for example, proposed an automated approach
to detect ambiguous or problematic linguistic patterns in re-
quirements, and argued that contextualized rephrasing sug-
gestions can assist analysts in improving specification qual-
ity.

In a similar spirit, Rajkovic and Enoiu (2022) developed
NALABS to detect quality issues in requirements and test
specifications written in natural language. Their approach re-
lies on keyword-based indicators to compute metrics such
as vagueness, referencability, optionality, subjectivity, and
fragility, illustrating a representative class of rule-oriented
methods for smell-like phenomena.

Other works have also explored test smells and related
quality issues through the lens of language models. Yang
et al. (2024) discussed challenges and systematic methods
for exploring new smell types and combined multiple detec-
tion techniques to identify diverse smells. From a broader
perspective,

Lucas et al. (2024) investigated the use of LLMs to de-
tect a large set of test smells, emphasizing that these models
can identify issues and often provide improvement sugges-
tions. More generally, LLM-based quality analysis has been
applied to other software artifacts as well.

Wu et al. (2024) proposed iSMELL, which integrates
LLMs with specialized tools to detect and refactor code
smells, dynamically selecting tools to improve scalability
and performance. Although these studies focus on different
artifacts and smell taxonomies, they collectively motivate the
use of language models as flexible analyzers that can operate
without extensive hand-crafted rule sets.

Bavota et al. (2015) conducted a controlled experiment
with 20 master’s students to investigate whether test smells
hinder source code comprehension during software main-
tenance. The experiment involved program comprehension
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tasks performed on test suites with and without test smells,
with participant performance measured in terms of correct-
ness and time. The results indicate that several test smells
have a strong negative effect on the understandability of both
test suites and production code. In particular, test compre-
hension was found to improve by approximately 30% in the
absence of test smells, reinforcing that these smells can sub-
stantially increase the cost of understanding and maintaining
test artifacts.

In this article, we build on these foundations by evaluat-
ing Gemini-3-Pro-Preview for detecting natural language
test smells in Ubuntu-style manual test cases. In contrast to
prior rule-based or keyword-driven approaches, and extend-
ing our earlier investigation of SLMs (Lucas et al., 2025),
we assess a contemporary LLM in a whole-test-case setting.
Our approach leverages the <d1>/<dt>/<dd> structure to in-
terpret action and verification roles, which is essential for
role-dependent smells and for identifying unverified actions.
We detected test smells in the 100 Ubuntu test cases ana-
lyzed, indicating that these issues occur frequently in prac-
tice. Moreover, in the manually inspected sample, Gemini-
3-Pro-Preview achieved better performance than the SLMs
evaluated in our prior work (Lucas et al., 2025), and pro-
duced concise, evidence-grounded explanations, suggesting
that model-based detection can provide actionable support
for practitioners aiming to improve the clarity and consis-
tency of manual test cases.

6 Conclusions

In this article, we investigated the use of LLMs for detect-
ing natural language test smells in Ubuntu-style manual test
cases. We focused on a whole-test-case analysis setting, in
which the model analyzes complete manual tests rather than
isolated test-case steps. This setting allows the model to ex-
ploit contextual information across actions and verifications
and better reflects how practitioners inspect manual testing
artifacts. We operationalized seven smell types through a
structured prompting strategy that leverages the <d1> organi-
zation of Ubuntu tests, and we showed that model-generated
explanations can support the identification of ambiguous,
complex, misplaced, or unverified steps. Overall, our re-
sults provide evidence that LLM-based detection can scale
test smell analysis beyond rule-based techniques and support
quality assessment of manual testing artifacts.

Our findings also highlight clear benefits when moving
from SLMs to a contemporary LLM. In particular, Gemini-
3-Pro-Preview consistently outperformed the SLMs evalu-
ated in our earlier study (Lucas et al., 2025), while produc-
ing more actionable explanations that can help practitioners
revise test steps for greater clarity and consistency. This per-
formance gap suggests that, at least for this task and dataset,
stronger models can better capture subtle linguistic cues and
contextual dependencies that are common in manual test de-
scriptions.

At the same time, deploying model-based smell detection
in real workflows raises challenges. Inference cost and la-
tency may be nontrivial for large test suites, and model out-
puts can vary across prompts, decoding settings, and model
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updates. Moreover, incorrect classifications may introduce
noise in review processes if not accompanied by conservative
thresholds and human oversight. Despite these constraints,
our results are promising and suggest that language models
can provide practical assistance for improving manual tests,
especially when the goal is to support reviewers and testers
rather than to fully replace human judgment.

First, we plan to expand the evaluation to substantially
more test cases and to additional manual-testing reposito-
ries beyond Ubuntu, including test suites written in other
languages, to assess generalization across writing styles, do-
mains, and linguistic contexts. Given the strong performance
of current models on our English dataset, we expect this di-
rection to be feasible and potentially effective, particularly
for widely supported languages. Second, we will consider
more projects and larger, more diverse test suites to bet-
ter characterize how smell prevalence and detection perfor-
mance vary across contexts. Third, we will incorporate agent-
based workflows, following recent approaches in the litera-
ture Melo et al. (2026), to iteratively inspect test cases, cross-
check step-level predictions with test-case-level context, and
reconcile borderline cases (e.g., ambiguity versus acceptable
flexibility). Fourth, beyond accuracy-oriented measures, we
will evaluate reliability and stability to quantify the consis-
tency of model outputs across repeated runs. Specifically, we
will adopt a set of accuracy and stability metrics inspired by
prior work on LLM evaluation (Chen et al., 2021; Atil et al.,
2025), which allow us to assess whether a model produces
correct results and whether it does so consistently across mul-
tiple attempts—an essential property for practical developer-
facing tools. Fifth, and most importantly, we will investigate
to what extent models can refactor natural language manual
tests to remove these smells, building on our prior experi-
ence with refactoring automated test cases to eliminate test
smells (Melo et al., 2026; Soares et al., 2023b, 2020).

Concretely, we will evaluate model-assisted editing sug-
gestions that (i) split coarse steps to mitigate Eager Action,
(i) rewrite vague statements into objectively checkable crite-
ria to mitigate Ambiguous Test, (iii) relocate checks between
action and verification fields to mitigate Misplaced Action
and Misplaced Verification, (iv) make conditions explicit and
structured to mitigate Conditional Test, and (v) add missing
expected outcomes to mitigate Unverified Action. We will
measure not only smell reduction (before/after) but also se-
mantic preservation of the intended procedure, readability,
and the amount of human effort required to accept or re-
vise the proposed edits. Finally, we aim to evaluate addi-
tional model families and sizes and to explore fine-tuning
strategies that distill the performance of proprietary mod-
els into smaller and lighter open models, enabling lower-
cost and privacy-preserving deployments without sacrificing
accuracy. Together, these directions can further clarify the
practical boundaries and opportunities for scalable, model-
assisted quality assurance and refactoring of natural language
manual tests.
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