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ABSTRACT

[Context] Behavior-Driven Development (BDD) is widely adopted,
but the manual creation of Gherkin scenarios remains a significant
bottleneck. While Large Language Models (LLMs) show promise
for automation, there is a lack of empirical evidence on their accu-
racy and stability when converting free-form test descriptions into
structured Gherkin, creating risks for industrial adoption. Manual
scenario authoring is also time-consuming and prone to incon-
sistencies, leading to miscommunication between technical and
non-technical stakeholders and impacting software quality assur-
ance. [Objective] This study addresses this gap by investigating
the use of LLMs to automate the generation of Gherkin-based BDD
scenarios from real-world, free-form test case descriptions. The
goal is to assess the robustness of current models when handling
informal, ambiguous, and diverse inputs typically found in practice.
[Method] We conducted a comparative evaluation involving seven
LLMs — GPT-3.5 Turbo, GPT-4 Turbo, GPT-40 Mini, LLaMA 3, Phi-3,
Gemini, and DeepSeek R1 — using zero-shot, one-shot, and few-
shot prompting strategies. The models generated BDD scenarios
from a stratified sample of ten test descriptions selected from a cor-
pus of 1,286, ensuring diversity in structure and domain complexity.
We assessed quality and consistency using quantitative metrics
(METEOR, variability analysis) and Repeated Measures ANOVA to
test statistical significance. [Results] The analysis revealed that
simple zero-shot prompting was highly effective, achieving results
comparable to more complex example-based prompting. For the top-
performing model, Gemini, which balanced accuracy and stability,
the difference between zero-shot and few-shot was not statisti-
cally significant. Performance differences across models were often
small, suggesting that practical factors like integration and cost
should also guide model choice. Some models showed higher output
variability, raising concerns about consistency in test generation
workflows. [Conclusion] This paper offers practical insights into
prompt design and model selection for LLM-based BDD scenario
generation. Results show that effective zero-shot prompts can en-
able scalable, high-quality generation comparable to more complex
techniques, simplifying LLM adoption in industrial testing. These

findings suggest that LLMs can be leveraged with minimal setup to
streamline BDD, reduce costs, and accelerate validation cycles.

KEYWORDS

Behavior-Driven Development; Gherkin; Large Language Models;
Test Automation; Prompt Engineering.

1 Introduction

Modern software systems require methods that integrate busi-
ness requirements, development, and quality assurance. Behavior-
Driven Development (BDD) [19, 22] addresses this need by trans-
lating behavior specifications into automated test scenarios using a
shared, semi-structured language like Gherkin. Unlike the technical
focus of Test-Driven Development (TDD), BDD fosters collabora-
tion by involving non-technical stakeholders in scenario creation
and validation [22, 24].

Despite these benefits, manually writing BDD scenarios poses
challenges in large-scale projects. Scenario quality and consistency
are difficult to maintain across distributed teams, especially un-
der evolving requirements [17]. Manual authoring is also labor-
intensive and error-prone. Automation can improve BDD’s scala-
bility by reducing effort, increasing consistency, and minimizing
human error.

Large Language Models (LLMs) offer a promising path to such
automation. With strong natural language capabilities, models like
GPT-3.5 and GPT-4 can generate syntactically valid Gherkin scenar-
ios, even with limited input [19]. Compared to rule-based methods,
LLMs better capture implicit requirements, align outputs with busi-
ness goals, and adapt to domain-specific language [16, 19].

Prior efforts have explored using LLMs to generate test cases or
conceptual models [16, 19]. Still, these studies often focus on code
quality, overlook structured BDD constraints, or lack rigorous quan-
titative evaluation. Moreover, existing work does not benchmark
different LLMs on free-form test-case translation into Gherkin, nor
does it examine output stability under varied prompting strategies.

This gap is critical: premature adoption of LLMs in CI/CD pipelines
risks introducing silent failures and flaky tests. A rigorous bench-
mark is essential for guiding adoption and informing post-editing
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and repair strategies [18, 29], especially given broader concerns
around data leakage and reproducibility [32].

Translating informal descriptions into formal Gherkin syntax is a
core BDD challenge [20]. For example, the sentence “The user must
be able to log in with their credentials and access their account”
can be rendered as:

Scenario: Successful Login
Given the user is on the login page
When the user enters valid credentials
Then the user should be redirected to the dashboard

Figure 1: Gherkin-formatted BDD scenario.

Creating such scenarios manually requires a detailed understand-
ing of syntax and domain context, limiting scalability [4]. LLMs can
automate this process while respecting structural constraints and
managing linguistic variability [14, 25], accelerating development
and improving consistency. Studies show automation can reduce
development time by 30% and test error rates by 25% [2].

Still, LLM performance depends on factors such as model archi-
tecture, tuning, and task design. While generalist models like GPT-4
offer adaptability, specialized models (e.g., Codex, Flan-PaLM) tar-
get code generation [26]. Understanding these trade-offs is vital
for effective deployment. Recent work also points to the broader
impact of LLMs on tasks like code generation and maintenance
[38].

In this study, we evaluate several LLMs—GPT-3.5, GPT-4, Gemini,
Llama 3, DeepSeek R1, and Phi-3—using three prompting strategies
(zero-, one-, and few-shot) to generate Gherkin scenarios from
ten free-form test descriptions drawn from a curated dataset of
1,286 cases. We compare their accuracy and stability, with Gemini
showing the best average performance. While differences were not
statistically significant, Gemini’s results warrant closer analysis.
We present both comparative findings and a detailed investigation
of Gemini’s behavior and prompt design. Two research questions
guide this work:

e RQ1 - How do model choice and prompting strategy (zero-
, one-, few-shot) influence the accuracy of Gherkin BDD
scenarios, measured by METEOR?

e RQ2 - How do the same factors affect run-to-run stability,
expressed as the coefficient of variation (CV) of METEOR
scores?

The remainder of this paper is organized as follows. Section 2
reviews BDD and LLM-driven test generation. Section 3 details our
prompt engineering methodology, followed by our experimental
setup in Section 4. Sections 5 and 6 present comparative results and
a focused analysis of Gemini. Section 7 discusses practical implica-
tions, and Section 8 addresses threats to validity. We conclude in
Section 9 with recommendations and future directions.

2 Background and Related Work

Behavior-Driven Development (BDD). BDD is an agile method-
ology that extends TDD by promoting collaboration among devel-
opers, testers, and non-technical stakeholders [30, 37]. Its core goal
is to align software behavior with business expectations by express-
ing requirements in a shared, human-readable format [8, 34]. This
alignment improves communication and supports test automation.
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BDD scenarios use the Gherkin language, which relies on key-
words like Given, When, and Then to describe preconditions, actions,
and outcomes [1]. These scenarios serve as both documentation
and executable acceptance tests, supporting traceability between
requirements and implementation. Tools such as Cucumber, JBe-
have, and SpecFlow automate Gherkin execution and help maintain
quality assurance [5, 15].

Gherkin’s declarative syntax promotes modular, reusable tests
and strengthens communication across roles [15, 25]. BDD has
shown particular value in agile settings, where iterative develop-
ment and tight feedback loops are critical [27]. However, success
depends on clear writing and adherence to best practices. Ambigu-
ous steps or redundant phrasing can reduce BDD’s effectiveness [7],
while domain-specific tuning and tooling support—such as IDE in-
tegration and CI/CD compatibility—are often necessary [28, 30].

In summary, BDD improves software quality through executable,
structured, and accessible test scenarios. Gherkin’s syntax en-
ables teams to align expectations and track system behavior. Re-
cent progress in natural language processing, particularly LLMs,
presents new opportunities to automate BDD scenario generation
and scale agile practices with reduced manual effort.

LLMs in Automated Test Case Generation. Automated test
generation aims to improve testing efficiency, reduce manual ef-
fort, and enhance fault detection [12]. Traditional methods like
symbolic execution and search-based software testing (SBST) have
been effective but often involve high computational cost and limited
adaptability to natural language [12].

Transformer-based LLMs [35] have expanded the scope of au-
tomation by generating structured test cases from free-form inputs
such as user stories and functional requirements [10]. Within BDD,
LLMs help translate natural language into executable Gherkin sce-
narios, reinforcing the idea of "living documentation” that evolves
with the software [19, 40].

Empirical studies have begun to benchmark LLMs—including
GPT-3.5 Turbo, GPT-4 Turbo, GPT-40 Mini, LLaMA 3, Phi-3, Gemini
1.5 Pro, and DeepSeek R1—for BDD scenario generation [13, 33, 39].
These models vary in architecture, training data, and instruction-
following ability. Gemini, in particular, has shown strong perfor-
mance in structured generation due to its calibrated outputs and
multimodal capabilities [33].

Beyond BDD, LLMs have been tested on unit test generation.
The TESTEVAL benchmark [36] evaluates models like GPT-40 and
Gemini 1.0 Pro on Python test generation tasks, measuring metrics
such as branch coverage and path execution. While LLMs perform
well in general coverage, they still struggle with complex control
flow, where traditional methods like SBST remain more precise [12].

Complementary studies show that LLMs can match or exceed
manual efforts in test coverage but remain weaker in fault detec-
tion [11]. This supports hybrid approaches where LLMs assist hu-
man testers. Reinforcement learning (RL) agents have also been
integrated into BDD workflows, especially for Ul testing [23]. These
agents autonomously explore interfaces and generate readable
Gherkin scenarios, enhancing adaptability.

Despite progress, challenges remain. Prompt sensitivity, halluci-
nations, syntactic errors, and domain misalignment persist across
studies. Long-term maintainability and real-world adoption also
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require further investigation. Nonetheless, LLMs offer flexible, scal-
able solutions that align well with agile and user-centered develop-
ment. Ongoing work in prompt engineering, hybrid systems, and
evaluation methods will be critical to realizing their full potential.

3 Prompt Engineering for BDD Scenario Gener-
ation

Prompt engineering is a critical component in harnessing the full
potential of LLMs, especially in structured tasks such as generating
BDD scenarios. The clarity, specificity, and structure of the prompt
provided heavily influence the effectiveness of the output produced
by an LLM. In this study, prompt design played a fundamental role
in ensuring that the generated BDD scenarios adhered strictly to
the Gherkin syntax and incorporated best practices recognized in
the software engineering (SE) community.

The prompts were carefully constructed by integrating BDD
quality guidelines identified by Oliveira et al. [25]. These guidelines
were selected because they originate directly from interviews with
experienced BDD practitioners, offering a valuable, field-tested per-
spective. Furthermore, given that BDD best practices often lack
rigid standardization and can be subjective, the checklist derived
from these interviews provided concrete, actionable criteria aligned
with a professional viewpoint, making it particularly suitable for
structuring the prompts. Key elements drawn from this checklist
include articulating the business value clearly, focusing on a single
action and its outcome, using declarative language, maintaining
terminological consistency aligned with business language, and
adopting a third-person point of view. These principles were em-
bedded in all prompts to improve clarity, traceability, and alignment
with stakeholder expectations.

By combining established BDD practices with systematic prompt
engineering techniques, the study ensured that the input to the
LLMs provided structure and context, enabling better generalization
and reducing ambiguity in scenario generation. The prompts were
adapted to three distinct prompting strategies—zero-shot, one-shot,
and few-shot—each varying in the amount of contextual information
and number of examples provided.

In the zero-shot setting, the prompt provided clear instructions
without examples, depending entirely on the model’s internal under-
standing of task structure and Gherkin syntax conventions. The one-
shot approach extended this by incorporating a single illustrative
example to explicitly demonstrate expected syntax and semantics,
reinforcing structural alignment. Conversely, the few-shot strategy
employed multiple diverse examples to enhance the model’s gener-
alization capability across various functional domains, though this
increased computational overhead due to the longer prompts re-
quired. An illustrative example of the prompt used for the zero-shot
configuration in this study is shown in Figure 2.

The prompts for the one-shot and few-shot settings followed
similar guidelines, differing primarily by incorporating one or more
illustrative examples preceding the task instructions. The final
prompt designs presented here resulted from an iterative refinement
process, where initial versions were tested and adjusted based on
analyses of the generated outputs concerning Gherkin syntax and
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Convert the following test case description into a single BDD scenario
using strict Gherkin syntax. Ensure the output contains only the Gherkin
syntax for the scenario, without comments, explanations, or the word "Feature."
Use Portuguese for the scenario details, but keep Gherkin keywords in English.

Now convert the following test case description into exactly one BDD

scenario using strict Gherkin syntax. The output must follow the format
of the provided example and include only the BDD scenario. Only Gherkin
keywords should appear in English; all other text must be in Portuguese.

Test Case Description:
test_case_description

Make sure to clearly declare the business value or expected outcome

and focus on a single action and result. Use only the essential steps
(Given, When, Then, And) in a clear and declarative way, avoiding
implementation details and unnecessary repetition. Scenarios should be
independent, use consistent business terminology without technical jargon,
and be written in the third person to avoid ambiguity.

Scenarios must be indented with two spaces under 'Scenario', without
blank lines between steps, and a blank line should separate different scenarios.

Follow this structure for the output:

Scenario: [Brief Scenario Description]
Given [initial context]
And [additional context, if any]
When [an action is performed]
Then [a specific outcome should occur]
And [another outcome, if any]

Only the BDD scenario should be returned, without formatting or
additional text (e.g., no 'gherkin®~"'), and it must be a single valid
Gherkin scenario.

Figure 2: Prompt used for zero-shot BDD scenario gen-
eration.

quality criteria. The complete set of prompts used in this study,
including examples from all configurations, is available online!.

Furthermore, the study acknowledges the limitations inherent
in each prompting strategy. The zero-shot approach, while effi-
cient, may underperform in tasks requiring domain-specific reason-
ing [31]. The one-shot strategy is sensitive to the quality of the single
example, which can lead to overfitting or misgeneralization [? ].
Although more robust, the few-shot technique faces scalability chal-
lenges and depends heavily on the representativeness of selected
examples [6].

In summary, this study’s prompt engineering process was guided
by theoretical and empirical considerations. It leveraged best prac-
tices from BDD to shape instructions and examples, while applying
principles of prompt design to tailor input for LLMs. This alignment
between domain knowledge and prompt structure was crucial to
achieving consistent, high-quality outputs in the automated gener-
ation of BDD scenarios.

4 Study Design

This study adopts an experimental and exploratory methodology to
evaluate the ability of state-of-the-art LLMs to generate BDD test
scenarios in Gherkin syntax based on free-form natural language
descriptions. The methodological design includes dataset prepara-
tion, prompt strategies, controlled multi-model evaluations, and
qualitative and quantitative analyses to assess model effectiveness
and consistency. Each component of this methodology is elaborated
upon in the subsequent subsections.

! Available at: https://github.com/hiagonfs/bdd-scenario-evaluation
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The overall workflow of our study is depicted in Figure 3. It
outlines the five main stages of our research, from dataset prepara-
tion to statistical analysis, which will be detailed in the following
sections.

r ™y
Dataset Preparation

L A

' !

Prompt Engineering, Model
Selection & Configuration

L A

' ™
Seenario Generation

L A

Figure 3: Overview of the experimental methodology
pipeline.

Dataset Construction. The dataset comprises 1,286 real-world
test cases written in natural language, extracted from a production
software system [9]. After preprocessing, which involved remov-
ing very short cases, filtering out redundant or vague descriptions,
and selecting functionally relevant scenarios, a sample of 10 cases
was randomly drawn. These cases were manually converted into
reference BDD scenarios using Gherkin syntax by a domain spe-
cialist, following best practices identified by Oliveira et al. [25].
This curated reference set served as the ground truth for all evalua-
tions, providing a reliable benchmark to assess the accuracy and
consistency of the generated BDD scenarios. Establishing such a
ground truth is crucial in evaluating generative Al applications, as
it ensures that model outputs can be objectively compared against
predefined standards [3].

Evaluated Models and Prompting Strategies. Seven LLMs
were selected to cover a wide range of architectures, sizes, and
capabilities, including both commercial and open-source models.
Table 1 lists the models and their respective versions used in this
study.

Each model was evaluated using three prompting strategies: zero-
shot, one-shot, and few-shot. The full description of the prompt
engineering process, including the rationale, design, and examples
for each strategy, is detailed in Section 3.

Fernandes et al.

Table 1: Evaluated models and their respective versions.

Model Version

GPT-3.5 Turbo | gpt-3.5-turbo-0125
GPT-40 Mini gpt-40-mini

GPT-4 Turbo | gpt-4-turbo

Gemini gemini-1.5-pro

LLaMA 3 meta-llama-3-70b-instruct
Phi-3 Mini phi-3-mini-128k-instruct
DeepSeek deepseek-r1:free

Experimental Design and Evaluation Metrics. Each LLM
was prompted with the 10 selected test cases using each of the
three prompting techniques, producing 30 unique generations per
model. To assess intra-model variability, each combination was
repeated five times, totaling 150 generations per LLM. All outputs
were stored with metadata (i.e., model name, technique, timestamp,
and response text) for reproducibility.

For evaluating the similarity between the generated and refer-
ence scenarios, we initially considered three complementary evalua-
tion metrics: Manhattan Distance, BERTScore, and METEOR. These
metrics were selected based on their ability to capture distinct as-
pects of quality relevant to BDD scenarios: structural differences
(Manhattan Distance), semantic similarity via contextual embed-
dings (BERTScore), and semantic and syntactic similarity incorpo-
rating synonym matching and word alignment penalties (METEOR).
Each metric was applied to compare the generated BDD scenarios
against the ground truth scenarios manually crafted by a domain
expert. To select the most suitable metric for the main analysis,
we conducted a correlation study between the quantitative scores
provided by each metric and the qualitative evaluations performed
by the expert, who assessed scenario adequacy and adherence to
BDD best practices.

The results indicated that METEOR exhibited the strongest cor-
relation with expert judgments, outperforming both Manhattan
Distance and BERTScore in capturing relevant semantic and struc-
tural nuances inherent to BDD scenarios. Unlike purely token-based
or embedding-based approaches, METEOR accounts for synonymy,
stemming, and word alignment, which proved particularly ben-
eficial for evaluating structured natural language tasks such as
Gherkin scenarios [21, 41]. Consequently, METEOR was adopted as
the primary evaluation metric for this study. Further details on met-
ric selection, implementation specifics, correlation analyses, and
complete measurement tables are provided in the supplementary
material available online?.

Analysis Procedure. The evaluation methodology included
two key stages. First, the variability of each model under repeated
executions was analyzed using descriptive statistics: mean, stan-
dard deviation (SD), and coefficient of variation (CV). This allowed
the identification of models that are more deterministic or prone
to inconsistency across executions. Second, the comparative per-
formance of the models was assessed using METEOR scores for
each generated scenario. The normality of distributions was tested
using the Shapiro-Wilk test, and variance homogeneity was verified

2 Available at: https://github.com/hiagonfs/bdd-scenario- evaluation


https://github.com/hiagonfs/bdd-scenario-evaluation

A Comparative Study of LLMs for Gherkin Generation

with Bartlett’s test. Depending on the results, Repeated Measures
ANOVA, followed by paired t-tests with Bonferroni correction,
or Kruskal-Wallis with Dunn’s test (with Bonferroni correction)
was applied to evaluate significant differences among models and
prompting strategies.

Although this paper primarily focuses on the Gemini model,
the comparative analysis involving all models is presented and
discussed in Section 5. Gemini was chosen for deeper analysis due
to its superior average performance and consistency, as will be
further detailed.

5 Comparative Evaluation of LLMs in BDD Sce-
nario Generation

This section presents a comparative evaluation of the seven LLMs
considered in this study regarding their ability to generate BDD
scenarios from free-form test case descriptions. A detailed set of
statistical results, including distribution plots and significance tests,
is available as supplementary material.

Accuracy Comparison Across Models. Table 2 summarizes
the mean METEOR scores achieved by each evaluated LLM across
zero-shot, one-shot, and few-shot prompting strategies for BDD
scenario generation. Analysis reveals that the zero-shot approach
frequently yielded the highest performance. Notably, Gemini (0.84)
and Phi-3 Mini (0.81) achieved the top METEOR scores using zero-
shot prompting. Furthermore, GPT-3.5 Turbo (0.78) and GPT-40
Mini (0.78) demonstrated strong performance, while LLaMA 3 (0.75)
and GPT-4 Turbo (0.74) exhibited competitive results, all also peak-
ing under the zero-shot condition.

Table 2: Mean METEOR scores across LLMs and prompting
strategies.

Model Zero-shot | One-shot | Few-shot
GPT-3.5 Turbo 0.78 0.74 0.72
GPT-40 Mini 0.78 0.71 0.72
GPT-4 Turbo 0.74 0.71 0.73
Gemini 0.84 0.78 0.74
LLaMA 3 0.75 0.71 0.72
Phi-3 Mini 0.81 0.74 0.70
DeepSeek 0.69 0.67 0.71

Conversely, DeepSeek generally recorded lower scores and rep-
resented the sole exception, achieving its maximum performance
(0.71) with the few-shot strategy. For most models, both one-shot
and few-shot prompting typically resulted in lower METEOR scores
than zero-shot, with the one-shot strategy often yielding the least
favorable outcomes. Based on these findings, the zero-shot tech-
nique proved most effective overall for this task, with the Gemini
model employing zero-shot attaining the highest METEOR score
(0.84), distinguishing it as the best-performing model and strategy
combination among those evaluated.

Variability Across Models and Techniques. In addition to
accuracy, variability plays a crucial role when considering using
LLMs for test scenario generation, as stability directly impacts
the reliability of automated pipelines. Variability was assessed by
analyzing the mean, standard deviation (SD), and coefficient of
variation (CV), calculated from five independent executions for
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each model and prompting strategy. Table 3 presents the results for
the zero-shot strategy.

Table 3: Mean, standard deviation, and coefficient of variation
(CV) of METEOR scores for Zero-shot prompting.

Model Mean | SD | CV (%)
GPT-4 Turbo 0.77 0.04 5.19
GPT-3.5 Turbo 0.76 0.05 6.58
GPT-40 Mini 0.78 0.03 3.85

Gemini 0.84 0.03 3.57
Llama 3 0.76 0.05 6.58
Phi-3 Mini 0.81 0.04 4.94
DeepSeek 0.69 | 0.03 4.35

In the zero-shot configuration, variability was more pronounced
in LLaMA 3 and GPT-3.5 Turbo (CV = 6.58%), whereas Gemini
stood out as the most consistent model, with the lowest CV (3.57%)
and SD (0.03). Phi-3 Mini also presented relatively low variability
(CV = 4.94%). GPT-40 Mini exhibited strong stability (CV = 3.85%),
slightly above Gemini. DeepSeek exhibited moderate variability
(CV = 4.35%), higher than Gemini but lower than GPT-3.5 Turbo
and LLaMA 3. Table 4 shows the same analysis under the one-shot
prompting configuration.

Table 4: Mean, standard deviation, and coefficient of variation
(CV) of METEOR scores for One-shot prompting.

Model Mean | SD | CV (%)
GPT-4 Turbo 0.73 0.04 5.48
GPT-3.5 Turbo 0.72 0.05 6.94
GPT-40 Mini 0.74 0.04 5.41

Gemini 0.78 | 0.05 6.41
Llama 3 0.70 | 0.04 5.71
Phi-3 Mini 0.74 | 0.05 6.76
DeepSeek 0.69 | 0.04 | 5.80

With the one-shot strategy, which introduces a single example
to guide the model, variability tended to decrease for most models.
GPT-40 Mini showed the best stability (CV = 5.41%, SD = 0.04),
followed closely by GPT-4 Turbo (CV = 5.48%) and LLaMA 3 (CV =
5.71%). Gemini (CV = 6.41%) and Phi-3 Mini (CV = 6.76%) maintained
acceptable consistency. DeepSeek showed comparable variability
(CV = 5.80%), close to LLaMA 3 and GPT-4 Turbo.

Table 5 presents the results for the few-shot strategy.

Table 5: Mean, standard deviation, and coefficient of variation
(CV) of METEOR scores for Few-shot prompting.

Model Mean | SD | CV (%)
GPT-4 Turbo 0.75 0.06 8.00
GPT-3.5 Turbo 0.70 0.04 5.71
GPT-40 Mini 0.73 0.03 4.11

Gemini 0.74 0.06 8.11
Llama 3 0.72 0.03 4.17
Phi-3 Mini 0.70 0.06 8.57
DeepSeek 0.70 | 0.04 5.71
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In the few-shot configuration, where the model receives mul-
tiple examples, GPT-40 Mini and LLaMA 3 again demonstrated
excellent stability, with CVs of 4.11% and 4.17%, respectively. Phi-3
Mini (CV = 8.57%), Gemini (CV = 8.11%), and GPT-4 Turbo (CV
= 8.00%) exhibited higher variability. DeepSeek showed moderate
variability (CV = 5.71%), on par with GPT-3.5 Turbo.

The comparative evaluation of LLMs in generating BDD scenar-
ios underscores two pivotal observations. Firstly, zero-shot prompt-
ing consistently yielded superior accuracy across most models, with
Gemini achieving the highest METEOR score of 0.84. This suggests
that, for structured tasks like BDD scenario generation, providing
clear instructions without examples can effectively leverage the
models’ pre-trained knowledge. Secondly, the analysis revealed
that output stability varies among models and prompting strate-
gies. While Gemini demonstrated high accuracy and low variability
under zero-shot prompting, other models exhibited differing de-
grees of consistency, indicating that model selection and prompting
approach should be tailored to the specific requirements of the task.

6 Analysis of Gemini’s Performance

Building on the comparative analysis from Section 5, we now delve
deeper into the performance of the Gemini model. This section
examines its output variability, accuracy, and qualitative behavior
under zero-shot, one-shot, and few-shot prompting. Gemini was
chosen for this focused analysis due to its strong average perfor-
mance and promising stability observed earlier.

Variability Analysis: Consistency Across Executions. A
key aspect of a reliable generative model is the consistency of its
outputs. We assessed Gemini’s variability by running each test case
five times for every prompting strategy (zero-shot, one-shot, few-
shot) and measuring the similarity between the generated BDD
scenarios using the METEOR metric. Lower variability indicates
more predictable and reproducible results.

To understand variability in practice, consider the test case “Reg-
istering a profile with an existing identifier”. The goal is to generate
a scenario like the ground truth shown in Figure 4.

Scenario: Registration with an existing identifier
Given a user attempts to register with an identifier
that already exists in the system
When the user submits the registration form
Then the system must display an error message indicating
that the identifier is already in use
And the system must not create a new profile

Figure 4: Ground truth scenario for “Registering a pro-
file with an existing identifier” (translated).

When using the few-shot strategy, Gemini produced different,
though semantically valid, scenarios across executions. For instance,
Figure 5 shows the output from one run, while Figure 6 shows
the output from another run for the same test case and prompt
configuration.

Notice the differences in the scenario title, the specific identifier
used “joaosilva” vs. “usuarioteste”), the phrasing of steps, and the
exact wording of the error message. This lexical and structural
variation, despite conveying the same core logic, exemplifies the
output variability measured by the METEOR scores (0.52 and 0.82,
respectively, compared to the ground truth) and contributes to a
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Scenario: Attempt to register profile with already used identifier

Given the system has a profile already registered with the
identifier "joaosilva"

When the user enters the new profile's data

And the user enters the identifier "joaosilva"

And the user clicks on "Register"

Then the system displays the error message
"This identifier is already in use"

And the system does not register the new profile

Figure 5: Scenario by Gemini (Few-shot) - Run 3 (trans-
lated, METEOR 0.52 vs GT).

Scenario: Attempt to register profile with duplicate identifier

Given the system already has a profile with the
identifier "usuarioteste"

When the user tries to register a new profile with the
identifier "usuarioteste"

Then the system displays an error message
"Identifier is already in use"

And the profile is not registered

Figure 6: Scenario by Gemini (Few-shot) — Run 4 (trans-
lated, METEOR 0.82 vs GT).

high coefficient of variation (CV) for this specific case under few-
shot prompting (20.88%).

Our quantitative analysis revealed distinct variability patterns
across the prompting strategies:

Zero-shot: This strategy demonstrated exceptional stability. The
average CV across all test cases was remarkably low at 0.23% (SD =
0.39%). In fact, for eight out of ten cases, the outputs were identical
across all five runs (CV = 0.00%). Even the cases with minimal
variation maintained high accuracy (METEOR > 0.83). This suggests
that clear instructions allow Gemini to generate highly consistent
and accurate BDD scenarios.

One-shot: Introducing a single example increased inconsistency.
The average CV rose significantly to 7.24% (SD = 2.26%). While some
cases remained relatively stable (CV ~ 5%), others showed substan-
tial variation (CV > 10%). This indicates that a single example might
unduly influence the model, perhaps causing it to focus too much
on the example’s specific style or content (anchoring bias) rather
than generalizing effectively.

Few-shot: Providing three examples led to even less predictabil-
ity. Although the average CV was slightly lower than one-shot
(6.34%), the spread was much wider (SD = 5.75%). Some cases were
stable (CV < 4%), but others, like the example shown in Figures 5
and 6, exhibited very high variability (CV up to 20.88%). This sug-
gests multiple examples might introduce conflicting patterns or
overwhelm the model, reducing output consistency.

These trends are visually summarized in the violin plot in Fig-
ure 7. The plot clearly shows the distribution of METEOR scores
for each strategy.

Observe the tall, narrow distribution for zero-shot, concentrated
near the top with minimal spread, confirming its high stability and
accuracy. The one-shot distribution is slightly wider, indicating
more variability. The few-shot distribution is the broadest and most
irregular, visually representing its lower consistency and a wider
range of accuracy scores across runs.

In conclusion, the zero-shot approach provided the most stable
and reproducible results for generating BDD scenarios with Gemini.
It achieved high accuracy with minimal variation between runs,
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METEOR Score Variability by Prompting Technique (Gemini)

METEOR Score

0.4

Zero Shot One Shot Few Shot
Prompting Technique

Figure 7: Violin plot comparing METEOR score variability for
Gemini across prompting techniques. It illustrates score dis-
tributions, medians (white dots), interquartile ranges (black
boxes), and individual data points.

suggesting that well-defined instructions are more effective than
example-based demonstrations for ensuring consistent outputs.
This makes zero-shot prompting a strong candidate for automated
quality assurance tasks where predictable and reliable scenario
generation is crucial.

Table 6: Takeaways from the Variability Analysis: Consis-
tency Across Executions

No. Finding description

1 The main objective of this section was to evaluate the consistency (or
variability) of Gemini’s outputs when generating BDD scenarios using
different prompting techniques (zero-shot, one-shot, and few-shot) across
multiple executions for the same test case. Lower variability indicates
more predictable and reliable results.

2 Zero-shot was exceptionally consistent: The zero-shot technique demon-
strated the highest stability and consistency. In many cases (8 out of 10), it
produced identical results across all executions, resulting in an extremely
low average variability (mean CV of 0.23%).

3 One-shot increases inconsistency: Introducing a single example (one-
shot) significantly increased the variability of results (mean CV of 7.24%)
compared to zero-shot. This suggests that a single example may overly
influence the model (anchoring bias).

4 Few-shot presents high and wide variability: Using multiple examples
(few-shot) resulted in lower overall predictability. Although the mean
CV (6.34%) was slightly lower than one-shot, the spread of variability
was much higher (SD of 5.75%), with some cases showing extremely high
variation (CV up to 20.88%). This indicates that multiple examples may
introduce conflicting patterns or overwhelm the model.

5 Visual confirmation: The violin plot (Figure 7) visually illustrates these
differences, showing a narrow and high distribution for zero-shot (high
consistency and accuracy), and progressively wider and more irregular
distributions for one-shot and, especially, few-shot.

6 For generating reliable and reproducible BDD scenarios with Gemini,
the zero-shot approach is the most recommended. Clear instructions
(zero-shot) proved more effective than example-based demonstrations
(one-shot, few-shot) in ensuring result consistency for this task.

Accuracy of Prompting Techniques. This section presents
a comparative analysis of the accuracy of BDD scenario genera-
tion using the Gemini model across three prompting strategies:
zero-shot, one-shot, and few-shot. Accuracy was measured using
the METEOR metric, which evaluates semantic and lexical sim-
ilarity between generated and reference scenarios. The analysis
considers descriptive statistics (mean, median, SD, and CV) and is
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complemented by inferential statistical tests to assess significant
differences between techniques.

Table 7 displays the measures of central tendency and dispersion
for each prompting technique. The zero-shot configuration achieved
the highest mean METEOR score (0.84), closely followed by one-
shot (0.78), and then few-shot (0.74). The median scores further
support this ordering, with zero-shot again leading at 0.83. These
values indicate that zero-shot not only provided the most accurate
outputs on average but also maintained a strong central tendency,
reinforcing its consistency.

Table 7: Measures of central tendency and dispersion of ME-
TEOR scores by prompting technique (Gemini).

Technique | Mean | Median | SD | CV (%)
Zero-Shot 0.84 0.83 0.08 | 9.52%
One-Shot 0.78 0.79 0.07 8.97%
Few-Shot 0.74 0.79 0.10 | 13.51%

Table 8 complements this analysis by showing the minimum and
maximum METEOR scores observed in each configuration. The
zero-shot technique produced scores ranging from 0.71 to 0.94, indi-
cating consistently high performance. By contrast, the few-shot ap-
proach exhibited the broadest range (0.57 to 0.87), revealing greater
inconsistency in the quality of its generated scenarios. The one-shot
configuration showed a moderate range, suggesting slightly more
stable behavior than the few-shot but still less reliable than the
zero-shot.

Table 8: Minimum and maximum METEOR scores by prompt-
ing technique (Gemini).

Technique | Min | Max
Zero Shot 0.71 | 0.94
One Shot 0.67 | 0.88
Few Shot 0.57 | 0.87

Figures 8 to 11 present representative examples comparing the
outputs of Gemini using the zero-shot prompting strategy against
the ground truth. These examples illustrate typical patterns ob-
served in the quantitative analysis, where zero-shot tends to pro-
duce semantically faithful outputs with lexical and structural varia-
tion.

Scenario: Cancel common area registration successfully

Given a user with permission to manage common areas
And a common area is already registered in the system
When the user cancels the common area registration

Then the system must remove the registration
And the system must display a success message

Figure 8: Ground truth scenario (translated) - Minimum
METEOR case.

In Figures 8 and 9, the scenario retains the expected outcome
but introduces structural elements not present in the original, such
as authentication steps and interface navigation. These additions
lead to a lower METEOR score (0.71) due to increased lexical and
syntactic divergence.
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Scenario: Cancel common area registration
Given the user is authenticated in the system
And is on the common area management page
And there is a registered common area
When the user selects the common area
And confirms the cancellation
Then the area is removed from the list
And the system displays a success message

Figure 9: Scenario by Gemini (Zero-shot) - METEOR 0.71
vs Ground Truth.

Conversely, Figures 10 and 11 illustrate a case with high lex-
ical and structural alignment, resulting in the highest observed
similarity score under zero-shot prompting.

Scenario: Register sprint with start date after end date
Given a user is registering a new sprint
When the user enters a start date later than the end date
Then the system must prevent the sprint from being registered
And the system must display an error message indicating
that the start date cannot be later than the end date

Figure 10: Ground truth scenario (translated) - Maxi-
mum METEOR case.

Scenario: Prevent sprint registration with an invalid start date
Given the user is registering a new sprint
When the user enters a start date later than the end date
And attempts to save the registration
Then the registration is not completed
And the system displays an error message stating
that the start date cannot be later than the end date

Figure 11: Scenario by Gemini (Zero-shot) - METEOR
0.94 vs Ground Truth.

The scenario in Figure 11 demonstrates a near-identical structure
and vocabulary to the reference in Figure 10, differing only in minor
details like “the registration is not completed” instead of “prevent
the sprint from being registered” These slight variations minimally
impact the METEOR score, which remains high (0.94).

Together, these examples highlight how differences in phrasing,
added context, or reordering of steps influence similarity metrics,
even when the generated scenarios are functionally equivalent.

Statistical testing further validated these findings. The Shapiro-
Wilk test confirmed the normal distribution of METEOR scores for
all techniques (p > 0.05), and Bartlett’s test confirmed the homo-
geneity of variances. A Repeated Measures ANOVA was applied and
revealed a statistically significant difference in the mean METEOR
scores across the prompting techniques (F(2, 18) = 5.49, p = 0.014).
However, post-hoc comparisons using paired t-tests with Bonfer-
roni correction did not find statistically significant differences be-
tween any pair of techniques after the correction (Zero-Shot vs.
One-Shot: pq; = 0.065; Zero-Shot vs. Few-Shot: pgq; = 0.063;
One-Shot vs. Few-Shot: pgq; = 0.664).

Figure 12 provides a visual summary of the METEOR score dis-
tributions. The boxplot reveals a more concentrated and elevated
interquartile range for the zero-shot technique, with a higher me-
dian and fewer deviations than the other strategies. Few-shot, in
contrast, displayed the widest spread and greater score volatility.
No significant outliers were observed, supporting the reliability of
the statistical observations.
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METEOR Score Distribution By Prompting Technique (Gemini)
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Figure 12: Boxplot of METEOR scores using Gemini for zero-
shot, one-shot, and few-shot techniques.

In summary, using Gemini, the zero-shot technique emerged as
the most promising and consistent prompting strategy for BDD
scenario generation. Although the pairwise differences in accuracy
were not statistically significant after post-hoc correction, its high
mean and median scores, combined with a relatively low SD and
narrow score range, demonstrate strong overall performance and
reliability. The one-shot approach offers competitive results, while
the few-shot strategy, despite its theoretical benefits in other con-
texts, resulted in lower accuracy and higher variability, likely due
to the increased prompt complexity and potential introduction of
conflicting patterns. These findings reinforce the suitability of zero-
shot prompting for structured and formal text generation tasks,
especially in scenarios requiring precision and reproducibility.

Qualitative Analysis. Beyond the quantitative evaluation of ac-
curacy and stability, a qualitative analysis was conducted to under-
stand the nature of errors present in the BDD scenarios generated
by the LLMs. Although other issues were observed, the analysis
below focuses on the most frequent categories of errors found. The
goal is to demonstrate that the automated generation was not per-
fect and produced critical errors that could compromise the final
execution of the test scenarios. This investigation focused on the
outputs of the Gemini model, and the most common mistakes were
categorized as follows:

e Irrelevant Action Insertion: This category encompasses
errors where the model introduces steps or preconditions
not implied by the original test case description. A frequent
example is the addition of a step like “Given the user is
authenticated” when the source material does not mention
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any authentication requirement. This suggests the model
may over-generalize from common software patterns, adding
steps that are not pertinent to the specific behavior under
test.

e Business-Logic Flaws: This is a more critical type of er-
ror involving semantic mistakes that misrepresent the core
outcome of the scenario, either by reversing or omitting a
key result. For instance, the model might generate a scenario
that permits a duplicate user registration when the intended
requirement was to prevent it. Such errors pose a significant
risk, as they could lead to the creation of automated tests
that validate incorrect system behavior.

e Lexical Deviation: This category refers to the use of phras-
ing that, while syntactically correct, subtly but significantly
alters the intended meaning of a step. An example is the
model generating a step such as “Then the system should
display success” when the correct behavior was to “prevent
submission and display an error”. These deviations can be
particularly deceptive, as they may seem plausible at first
glance but actually describe the wrong outcome, potentially
resulting in flawed test implementations.

This initial overview of the errors found during the generation
of the cases highlights the challenges present in the automated
generation of BDD scenarios. More importantly, it underscores
that the generated outputs require careful human attention and
validation before being used. Future work could catalog all error
types and their frequencies more exhaustively.

Table 9: Takeaway points — Accuracy Analysis: Similarity to
Reference Scenarios.

No. Key Finding

1 The main objective of this analysis was to compare the accuracy of three
prompting strategies (zero-shot, one-shot, and few-shot) when generating
BDD scenarios using the Gemini model. Accuracy here refers to the
semantic and lexical similarity between the generated scenario and the
ground truth, as measured by the METEOR metric.

2 Zero-shot prompting achieved the highest average (0.84) and median
(0.83) METEOR scores, indicating that it generally produced outputs most
similar to the ideal reference scenarios.

3 One-shot prompting showed intermediate performance, with a mean
score of 0.78. While its variability was lower than that of few-shot, it still
performed worse than zero-shot in accuracy and consistency (e.g., higher
minimum score in zero-shot).

4 Few-shot prompting resulted in the lowest average accuracy (0.74) and
the highest variability in scores, with the largest standard deviation,
coefficient of variation (CV), and score range (from 0.57 to 0.87). This
suggests it was the least precise and most inconsistent strategy overall.

5 Statistical tests revealed a significant overall difference among the tech-
niques (Repeated Measures ANOVA, p < 0.05). However, post-hoc tests
with Bonferroni correction showed that the pairwise differences between
zero-shot, one-shot, and few-shot were not statistically significant after
correction.

6 The examples provided in Figures 8 to 11 illustrate how METEOR scores
can vary under the same prompting strategy. Some generated scenarios
were functionally correct but added steps or used different phrasing
(yielding lower scores, e.g., 0.71), while others were nearly identical to
the ground truth (yielding higher scores, e.g., 0.94).

7 Based on descriptive metrics, zero-shot prompting emerges as the
strongest strategy for this task using Gemini, due to its superior average
and median scores, as well as a consistently better score distribution, even
if pairwise statistical significance was not achieved.
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7 Research Implications

Our findings offer valuable insights for SE research and industry
practice regarding using LLMs for BDD scenario generation.

Implications for Research. Prompt effectiveness varies signif-
icantly by model and task. Contrary to common assumptions, zero-
shot prompting—using clear instructions without examples—often
outperforms few-shot prompting for structured outputs like BDD
scenarios, particularly with advanced models like Gemini. This re-
sult suggests that examples may introduce unnecessary complexity
and ambiguity in tasks requiring strict syntax, such as Gherkin.

Researchers should evaluate both accuracy and variability when
assessing LLMs and carefully control prompt features, such as the
number of examples. Future work should explore whether this
preference for zero-shot prompting extends to other structured SE
artifacts, including user stories and API documentation.

Our methodological approach—manual ground truth construc-
tion, expert-guided prompt design, and mixed-method evalua-
tion—offers a reproducible framework for studying LLMs in SE
tasks. This framework can support future investigations into gener-
ating structured artifacts such as acceptance criteria, architectural
descriptions, and regulatory documents.

Implications for Practitioners. Zero-shot prompting with ca-
pable models like Gemini offers high accuracy and low variability,
simplifying LLM integration into development workflows and re-
ducing the need for complex prompt engineering. However, model
choice should also consider cost, API compatibility, and infras-
tructure constraints, which may outweigh marginal performance
differences among GPT-3.5 Turbo, GPT-4, and Gemini.

LLMs can also support BDD adoption by serving as training
aids or initial scenario generators. Teams unfamiliar with Gherkin
syntax can use LLMs to automate early drafts and learn domain-
specific writing patterns. This finding supports a broader vision of
LLMs as collaborative agents that enhance productivity, promote
consistency, and lower barriers to adopting structured practices
like BDD.

Finally, integrating LLMs into SE pipelines requires a deliber-
ate approach. Organizations should pair prompt optimization and
output validation with awareness of model strengths and limita-
tions. This cautiousness is especially critical in regulated or safety-
sensitive domains, where transparency and human oversight are
essential.

8 Threats to Validity

To ensure rigor and transparency, we systematically examined
threats to validity following a standard framework. Each threat is
linked to our study design and the mitigation strategies used.
Internal Validity. Selection bias is a key concern, as the sample
size (ten scenarios) may not reflect the full complexity of real-world
test cases. To reduce this risk, a domain expert reviewed and selected
scenarios from a curated dataset of 1,286 cases to ensure diversity.
Instrumentation posed another risk, since automated metrics may
introduce inconsistencies. We addressed this by choosing METEOR,
which correlates well with expert judgments and captures linguistic
nuances. The stochastic nature of LLMs also threatens internal va-
lidity due to output variability. To account for this, each prompting
technique was run five times, with consistency measured using
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standard deviation and coefficient of variation. Finally, expert in-
volvement in prompt and ground-truth creation could introduce
bias. We mitigated this through adherence to industry best practices,
multi-expert reviews, and validation procedures.

External Validity. Our dataset comes from a single real-world
system and lacks domain categorization, limiting generalizability
to other software systems or contexts. Controlled experiments with
fixed prompt formats and evaluation criteria ensured reproducibil-
ity but may not reflect how practitioners use LLMs in practice.
Future studies should test these findings across varied domains, lan-
guages, and deployment settings. Additionally, the focus on Gemini
1.5 Pro, while representing state-of-the-art performance, limits ap-
plicability to other LLMs. Extrapolation to different models should
therefore be approached with caution.

Construct Validity. METEOR was chosen for its alignment
with human judgment and handling of linguistic variation. A do-
main expert also conducted qualitative assessments, adding insight
into semantic and structural aspects. This mixed-method approach
strengthens construct validity. Still, current metrics may overlook
factors like business rule completeness or stakeholder relevance,
highlighting the need for more targeted evaluation methods.

Conclusion Validity. Small sample sizes and test assumptions
can threaten statistical validity. We selected statistical tests based
on data distribution, using the Shapiro-Wilk test for normality and
Bartlett’s test for homoscedasticity. Parametric tests (ANOVA with
Tukey post-hoc) were used when assumptions held; otherwise,
non-parametric alternatives were applied. While the sample size
supported analysis of intra-technique variability, it limits broader
generalization. Future studies should increase the number of sce-
narios and repetitions. Accuracy comparisons relied on a single
execution per technique, but a separate variability analysis helped
assess output stability.

9 TFinal Remarks

This study explored the use of LLMs to generate Gherkin test sce-
narios from free-form natural language. We compared seven state-
of-the-art models and conducted an in-depth evaluation of Gemini
1.5 Pro. By testing zero-shot, one-shot, and few-shot prompting
strategies, we examined how prompt design influences output accu-
racy and consistency. Gemini achieved the highest METEOR score
(0.84) and lowest variability under the zero-shot strategy. However,
GPT-3.5 Turbo and GPT-4 Turbo also performed well—particularly
in stability—when using one-shot prompts. These findings show
that the best prompting strategy depends on both the model and
the intended application.

Our results contribute to intelligent SE by emphasizing the im-
portance of prompt design in producing high-quality, consistent
outputs. They also challenge the assumption that in-context learn-
ing always improves performance. For rule-bound tasks like BDD
scenario generation, examples can introduce unnecessary complex-
ity. The combined use of statistical testing and variability analysis
offers a replicable framework for evaluating LLMs in structured
generation tasks.

From a practical perspective, the findings inform model selec-
tion in software development settings. Since performance differ-
ences were often not statistically significant, factors like API cost,
toolchain integration, and cloud infrastructure may guide model
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choice. The strong performance of zero-shot prompting also reduces
reliance on prompt engineering, making LLMs more accessible to
non-experts. Additionally, generated scenarios can support BDD
adoption by serving as onboarding material for teams new to the
practice.

This work has limitations. The scenario sample, while curated,
may not represent the full diversity of real-world software systems.
Our deep dive focused on a single model, and each strategy used a
fixed prompt format, which may limit generalizability. METEOR,
though effective, does not capture all quality dimensions relevant
to BDD.

Future research should explore adaptive prompting methods that
combine zero-shot and one-shot elements, adopt more nuanced
evaluation metrics, and extend the analysis to other structured
tasks such as API documentation or user stories. Evaluating LLM-
generated scenarios within CI/CD pipelines and assessing their end-
to-end impact on testing automation also offer promising directions.
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