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ABSTRACT
Behavior-Driven Development (BDD) has gained widespread adop-
tion as a means to align software behavior with stakeholder expec-
tations, yet maintaining high-quality scenarios remains challenging
at scale. Manual review of Gherkin-based steps is often slow, incon-
sistent, and prone to oversight, leading to structural errors, semantic
inconsistencies, and reduced maintainability. To address these is-
sues, this work proposes a hybrid automated analysis framework
that combines Natural Language Processing (NLP) and Machine
Learning (ML) to improve both the clarity and correctness of BDD
artifacts. The framework consists of two complementary compo-
nents: a rule-based validator that inspects linguistic and structural
adherence to established BDD conventions and a supervised clas-
sifier that assigns each step to one of three semantic categories:
Precondition, Action, or Expected Result regardless of its original
Gherkin keyword. Models were trained on a balanced synthetic
dataset of 1,500 labeled steps and validated against a large-scale
industrial repository from a leading global manufacturer of lap-
tops and mobile devices, ensuring external validity. Performance
was measured using macro-averaged accuracy, precision, recall,
and F1-score, alongside statistical significance testing to compare
algorithms. The best results were achieved by Support Vector Ma-
chines and gradient boosting models, which outperformed neural
and transformer-based approaches. Designed for near real time op-
eration, the framework can be applied to any Gherkin compatible
library and any supported natural language, enabling broad appli-
cability across projects. It integrates seamlessly into development
workflows, including pull requests and CI/CD pipelines, to provide
continuous, automated feedback on BDD scenarios. Findings sug-
gest that hybrid NLP–ML solutions are effective in scaling quality
assurance for agile both Test and DevOps teams, while reducing
the manual effort required for review and maintenance.
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1 Introduction
The Software Development Life Cycle (SDLC) is a structured pro-
cess that guides software creation from initial conception to deploy-
ment and maintenance, comprising stages such as Planning, Re-
quirements Analysis, Design, Development, Testing, Deployment,
and Maintenance [2]. Among these, the testing phase is critical
for verifying and validating that the software meets its specified
requirements and is free from defects.

Within modern development practices, BDD has emerged as a
methodology that not only facilitates automated testing but also
serves as a living documentation medium. Introduced by Dan North
[19], BDD promotes collaboration between developers, testers, and
business stakeholders through a shared, domain-specific language
[21]. Its emphasis on clarity and continuous feedback aligns closely
with agile principles [11] and has become increasingly relevant as
AI-based approaches begin to influence software testing practices
[23].

At the heart of BDD lies the Gherkin language, developed by
Aslak Hellesøy as part of the Cucumber project [14]. Gherkin en-
ables stakeholders to define system behavior in an accessible, struc-
tured format, typically in plain English or other supported lan-
guages, using three key constructs: ’Given’ (preconditions), ’When’
(actions), and ’Then’ (expected results) [5, 14]. These constructs
form the backbone of test scenarios, ensuring clarity, consistency,
and alignment between technical and business perspectives [5].

Although BDD helps ensure that requirements are clearly speci-
fied and testable, its effectiveness is highly dependent on adherence
to best practices, such as consistent use of third-person descriptions,
logical sequencing of steps, and avoidance of redundancy. In prac-
tice, these conventions are not always followed, especially by less
experienced practitioners, which can compromise maintainability
and introduce defects [21].

The literature reveals no existing approach that unifies best-
practice validation and semantic step classification for BDD sce-
narios. Related works, such as the RClassify model for rule catego-
rization in requirements documents [2], address similar challenges
in other domains. However, the specific combination of rule-based
validation and ML classification in the context of Gherkin remains
unexplored. Given the proven success of NLP and ML in tasks in-
volving the extraction and classification of natural language rules
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[1, 2, 17, 22], this study investigates whether such techniques can
enhance the identification of structural and semantic patterns in
BDD test scenarios, thereby improving their quality and maintain-
ability.

Building on this motivation, the primary objective of this re-
search is to design and implement a hybrid classification system
that leverages NLP and ML techniques to automatically analyze
and classify the BDD test steps written in Gherkin. The proposed
system performs both semantic validation, ensuring adherence to
structural conventions, and functional categorization into condi-
tions, actions, and expected results, providing a comprehensive
mechanism to improve the clarity, correctness, and maintainability
of BDD artifacts.

2 Background
The adoption of advanced practices in software development has re-
inforced the role of methodologies such as BDD, designed to bridge
the gap between business needs and technical implementation.
In BDD, requirements are collaboratively specified by developers,
testers, and stakeholders in a shared, domain-specific language
[8]. This approach supports the description of expected system
behavior in structured and standardized scenarios, improving re-
quirement comprehension and enabling the creation of automated
tests aligned with business objectives [21].

2.1 Software Testing
Software testing is a fundamental component of software quality,
shaped by principles from quality management pioneers such as
Juran [16] and Deming [6], whose work emphasized planning, con-
trol, continuous improvement, and defect prevention. Over time,
testing evolved from a debugging-focused activity into a structured,
evaluation-oriented discipline integrated throughout the develop-
ment lifecycle [12], withmilestones such as the V-model for aligning
verification and validation [10] and agile practices like TDD [3].

Conceptually, testing involves designing test cases, executing
them against the system under test, and evaluating the results to
determine conformity with expected behavior. It may be performed
manually or by automation. Manual testing remains essential in
exploratory and usability contexts, but automation is increasingly
favored for its efficiency, repeatability, and scalability [7]. Auto-
mated testing not only accelerates execution but also facilitates
regression coverage, enabling teams to maintain quality as systems
evolve [13].

The testing process itself can be organized into layers, as de-
scribed in ISO/IEC/IEEE 29119-2 [15], which include organizational-
level processes (e.g., policies and strategies), test management pro-
cesses, and dynamic testing processes. Automation can support
all these layers, not only in test execution, but also in test case
generation, data management, monitoring, statistical analysis, and
reporting, providing both operational efficiency and improved trace-
ability.

In practice, effective test automation contributes to cumulative
regression coverage, allowing repeated execution of a growing
suite of automated cases over time. This improves productivity,
enhances defect detection, and reduces long-term costs. By strate-
gically selecting which tests to automate and integrating them into

continuous integration and delivery pipelines, organizations can
align testing with modern quality management principles, ensuring
that systems meet requirements with consistency and speed [9].

2.2 Automated Requirements Analysis and
Classification

Asmodern testing increasingly incorporates automation to improve
efficiency, consistency, and scalability, new opportunities emerge
for applying AI and NLP to analyze not only code and execution
results, but also textual artifacts that define system behavior. In the
case of BDD, these artifacts written in structured natural language -
can be automatically inspected and classified, enabling the enforce-
ment of best practices and the detection of semantic or structural
issues before execution.

ML, a subfield of AI, enables systems to learn patterns from
data without explicit rule programming. When combined with
NLP, which focuses on enabling computers to interpret and process
human language, it becomes possible to automate the analysis of
complex textual artifacts, including BDD scenarios [8, 25].

NLP has been extensively applied to the extraction of business
rules in various industries, such as data integration between het-
erogeneous systems in the energy sector [27], classification and
spelling checks for low-resource languages [18], and the extrac-
tion of metadata from unstructured scientific documents using a
combination of NLP and Computer Vision (CV) techniques [4].

In the context of business rule classification, ML and Deep Learn-
ing approaches have been employed to categorize rules in require-
ments documentation. Notable works include deep learning for
business rule classification in software requirement specifications
[1], ML techniques to improve requirements elicitation [17], and
DocToModel, which automates the extraction of structured infor-
mation from unstructured text [22]. These studies demonstrate
the effectiveness of NLP and ML for textual analysis, with some
combining both paradigms [28].

However, most of these solutions focus solely on classification
or rule extraction. Few address the combined use of NLP and ML in
BDD testing, particularly for enforcing best practices and improv-
ing scenario quality. In practice, ensuring semantic correctness and
stylistic adherence, such as using third-person narrative, maintain-
ing logical sequencing, and avoiding redundancy, remains a manual
and error-prone task.

3 Methodology
The proposed methodology integrates NLP and ML techniques to
enhance both the quality and the correctness of the BDD test steps
written in Gherkin. It is structured around two independent yet
complementary modules: (i) a rule-based validator that performs
static and semantic analysis to enforce adherence to established
BDD conventions, and (ii) a supervised ML classifier that catego-
rizes steps into semantic roles, Precondition, Action or Expected
Result, independent of their original Gherkin keywords.

This section details the system architecture, the implementation
of each module, the research design, and the datasets and metrics
used for evaluation.
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3.1 Architecture Overview
The proposed framework consists of two core modules, each ad-
dressing a distinct aspect of BDD step analysis.

The first, the NLP Rule Validator, applies static and semantic
checks to verify compliance with established Gherkin best prac-
tices. While it does not perform classification, it generates targeted
feedback on structural and linguistic deviations, such as incorrect
sequencing, redundant conjunctions, or violations of third-person
narrative. This proactive validation improves the readability, con-
sistency, and maintainability of scenarios before they are subjected
to classification.

The second, theMLClassifier, assigns each Gherkin step to one
of three semantic roles: Precondition, Action, or Expected Result
independent of its original keywords. This functional classification
enables the detection of logical misplacements and reinforces sce-
nario coherence by focusing on the intended meaning of the step
rather than its keyword.

The outputs of these two modules are integrated into a unified
feedback pipeline: the NLP module flags deviations from writing
conventions, while the ML module provides semantic categoriza-
tion. Together, they support automated quality control, facilitate
real-time review, and enhance the long-term maintainability of
BDD test suites.

3.2 Hybrid NLP–ML Architecture and Dataset
The proposed framework adopts a hybrid design that integrates
two distinct but complementary modules: an NLP-based rule val-
idator and an ML-based step classifier. Each addresses a different
dimension of the BDD scenario analysis the NLP component en-
forces structural and linguistic best practices, while the ML com-
ponent performs semantic role classification. Together, they form
a cohesive architecture capable of improving both the quality and
correctness of Gherkin-based test steps (Figure 1).

NLP Rule Validator. This module applies heuristic rules de-
rived from established Gherkin and BDD best practices [20, 24, 26]
to perform static and semantic analysis on each step. It identifies
violations that may compromise clarity, maintainability, or adher-
ence to conventions, such as the use of imperative verbs instead of
third-person descriptions, excessive conjunctions, or incorrect step
sequencing. The implemented rules include:

• Third-person validation: Ensures that steps are written in
a neutral, descriptive voice.

• Conjunction redundancy: Detects repeated use of con-
junctions such as And or But in a single step.

• Step sequence check:Validates logical ordering (e.g., Given
precedes When and When precedes Then).

• Excessive repetition: Flags steps starting with the same
keyword or conjunction unnecessarily.

• Semantic similarity: Detects redundant or overly similar
phrases across steps in the same feature file.

Operating as a static analysis stage, the NLP validator is indepen-
dent from the ML training pipeline but ensures that scenarios enter
classification in compliance with BDD standards.

ML Classifier. This component assigns each Gherkin step to
one of three semantic roles: Precondition, Action, or Expected Result,
independent of the original keyword (Given, When, Then). Steps are

preprocessed and vectorized using a hybrid representation combin-
ing TF-IDF with Word2Vec embeddings, capturing both term-level
importance and semantic relationships. The following supervised
learning algorithms were evaluated:

• Support Vector Machine (SVM)
• Light Gradient Boosting Machine (LightGBM)
• Extreme Gradient Boosting (XGBoost)
• Multilayer Perceptron (MLP)
• Logistic Regression (LogReg)
• 𝑘-Nearest Neighbors (kNN)
• Bidirectional Encoder Representations from Trans-
formers (BERT, fine-tuned)

• Gaussian Naive Bayes (GNB)
• Random Forest (RF)
• Extra Trees Classifier (ExtraTrees)
• CatBoost (CB)
• Long Short-Term Memory (LSTM)

Models were trained on a balanced synthetic dataset of 1,500
manually annotated steps and evaluated on a large-scale real-world
industrial dataset, in addition to 10-fold cross-validation on the
synthetic set. Performance was measured using the macroaveraged
accuracy, precision, recall, and F1 score.

Dataset. Due to confidentiality constraints, real project data
could not be used for training. Instead, a synthetic dataset of 1,500
manually labeled Gherkin steps was created, equally distributed
across the three target categories (500 per class). This data set was
carefully designed to replicate the structure and linguistic patterns
of real scenarios without omitting proprietary information. For ex-
ternal validation and generalization assessment, access was granted
to a large-scale industrial repository from a global technology com-
pany specializing in laptops and mobile devices. This real-world
dataset served exclusively for final evaluation, ensuring that the
reported results reflect practical applicability in production envi-
ronments.

Integration. In the final workflow, the NLP validator flags struc-
tural and semantic issues, while the ML classifier provides semantic
categorization. This sequential process enables the detection of
both writing inconsistencies and logical misplacements, produc-
ing comprehensive automated feedback for improving the clarity,
correctness, and maintainability of scenarios.

3.3 Type of Research
This work is classified as applied research because it addresses
a concrete and practical problem in software testing: enhancing
the quality of scenarios written in Gherkin through automated
analysis.

The research has a descriptive objective, aiming to investigate
how NLP and ML techniques can be integrated to perform both
qualitative validation and functional classification of test steps. In
this context, the NLP module enforces established best practices
through rule-based checks, while the ML module assigns each step
to one of three semantic categories: Precondition, Action, or Ex-
pected Result.

From a methodological point of view, the approach is mixed
method. The NLP component delivers qualitative, nonpredictive



SAST’25, September 22–26, 2025, Recife, PE Brandão et al.

Figure 1: Hybrid NLP–ML architecture and data flow for BDD step validation and classification

analysis of structural and semantic adherence, whereas the ML com-
ponent is quantitatively evaluated using macroaveraged Accuracy,
Precision, Recall, and F1-score metrics. This dual perspective en-
ables a comprehensive assessment that captures both the structural
integrity and semantic correctness of test scenarios.

3.4 Tools and Techniques
The implementation of this study was developed in Python, com-
bining NLP and ML techniques to improve the quality of scenarios
written in Gherkin. The solution integrates open-source libraries
for text processing, vectorization, and model training.

For text processing, SpaCy was employed for tokenization and
semantic analysis, providing efficient tools to validate linguistic
structure. Rule validation was implemented through custom logic
designed to enforce best practices, such as maintaining third-person
narrative and ensuring the correct sequencing of Given, When, and
Then steps.

Text vectorization adopted a hybrid approach combiningTF-IDF
and Word2Vec. TF-IDF quantifies the importance of a term within
a document, calculated as:

TF-IDF(𝑡, 𝑑) = TF(𝑡, 𝑑) × IDF(𝑡)

where:

TF(𝑡, 𝑑) = Count of term 𝑡 in document 𝑑
Total number of terms in 𝑑 , IDF(𝑡) = log

(
𝑁

DF(𝑡)

)
Word2Vec generates dense vector representations that capture
semantic relationships between words. Combining both methods
enables the model to leverage syntactic importance and semantic
similarity simultaneously, improving classification accuracy.

The models were implemented using Scikit-learn (Random For-
est, Naive Bayes, XGBoost) and TensorFlow/Keras (LSTM, BERT),
enabling the integration of traditional algorithms and deep learning
architectures into the hybrid validation–classification framework.

3.5 Evaluation Metrics
The performance of the proposed ML models was quantitatively
evaluated using standard multiclass metrics: Accuracy, precision,

recall, F1 score, and standard deviation. These are widely used in
classification tasks and provide a comprehensive view of predictive
capability and model stability.

Accuracy measures the proportion of correct predictions over
the total number of predictions:

Accuracy =
𝑇𝑃 +𝑇𝑁

𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

Precision evaluates the proportion of correctly predicted posi-
tive instances among all instances predicted as positive:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

Recall measures the proportion of actual positive instances
correctly identified:

Recall = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁

F1-score is the harmonic mean of Precision and Recall, balancing
the two:

F1-score = 2 · Precision · Recall
Precision + Recall

For Precision, Recall, and F1 score, macro averaging was applied
to ensure that each class contributes equally, regardless of its fre-
quency in the data set.

Standard Deviation was computed to quantify variability in
performance across cross-validation folds, providing insights into
model robustness.

These metrics form the basis for the comparative analysis pre-
sented in Section 4.

4 Results
The proposed hybrid NLP–ML framework was evaluated using
both the synthetic and real-world datasets described in Section 3.2.
All models were cross-validated 10-fold in the synthetic dataset,
followed by a final evaluation in the real-world dataset. Performance
was assessed using the metrics defined in Section 3.5.

The evaluation aimed to:
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(1) Identify which supervised learning model achieved the high-
est and most consistent performance in classifying Gherkin
steps into the three semantic roles.

(2) Assess whether performance on the synthetic dataset gener-
alizes to real-world BDD test scenarios.

Macro-averaged values were used to ensure balanced evaluation
across all target classes. Table 1 (presented later) summarizes the
results obtained from experiments on the real dataset, while the
key comparative insights are outlined below.

4.1 Model Performance Comparison
Table 1 presents the macroaveraged performance of each model in
the hold-out test set. Considering all metrics, SVM achieved the
highest overall performance, with the best accuracy and precision
while maintaining balanced recall and F1-score. LightGBM fol-
lowed closely, with slightly lower precision but the best F1-score,
indicating strong generalization capability. XGBoost ranked third,
delivering consistent results across all metrics, followed byMLP,
which also showed competitive outcomes. In contrast, LSTM and
CatBoost obtained substantially lower scores, suggesting poor
adaptation to the dataset and the need for further tuning or alter-
native architectures.

Table 1: Performancemetrics of classificationmodels (macro-
averaged), ordered by accuracy.

Model Accuracy Precision Recall F1-score

SVM 0.770 0.812 0.770 0.765
LightGBM 0.769 0.794 0.769 0.770
XGB 0.727 0.750 0.726 0.727
MLP 0.705 0.706 0.709 0.700
LogReg 0.652 0.664 0.655 0.647
kNN 0.572 0.573 0.574 0.569
BERT 0.548 0.742 0.557 0.484
GNB 0.527 0.591 0.531 0.522
RF 0.500 0.341 0.509 0.407
ExtraTrees 0.491 0.335 0.499 0.400
CB 0.334 0.111 0.333 0.167
LSTM 0.322 0.107 0.333 0.162

4.2 Performance Analysis
The results in Table 1 reveal notable trends in model behavior.
While deep learning architectures such as LSTM and BERT are
often expected to outperform traditional methods, in this task, sim-
pler models—particularly SVM, LightGBM, and XGB—delivered
superior and more consistent results.

SVM achieved the highest overall performance, with the best
accuracy (0.770) and precision (0.812), while maintaining balanced
recall and F1-score. LightGBM closely followed, with slightly lower
precision but the best F1-score (0.770), indicating strong general-
ization capability. XGB ranked third, delivering consistent results
across all metrics, followed byMLP, which also showed competitive
outcomes.

In contrast, LSTM and CB exhibited the lowest scores, likely
due to the limited dataset size and a mismatch between their archi-
tectural assumptions and the available features. Although BERT
obtained a high precision (0.742), its lower recall (0.557) and F1
score (0.484) suggest conservative predictions: fewer positive clas-
sifications but higher certainty.

4.3 Statistical Significance Analysis
To verify whether the observed differences are statistically signifi-
cant, the Friedman test was applied to the F1 scores of all models:

Friedman statistic = 54.5692, 𝑝-value = 9.29 × 10−8

Since 𝑝 < 0.05, the null hypothesis that all models perform
equally is rejected, confirming statistically significant differences
among them.

4.4 Pairwise Comparisons Using Student’s
T-Test

To provide deeper insight into the performance differences high-
lighted in Table 1, pairwise two-tailed Student’s T-tests were
conducted on the F1-scores of selected models representing: (i)
the top-performing group and (ii) an extreme performance gap
scenario.

Table 2: Pairwise T-test results for selected model compar-
isons (F1-scores).

Model Comparison t-statistic p-value

SVM × LightGBM -1.4226 0.19460
SVM × LSTM 46.6135 < 0.0001

The SVM × LightGBM comparison yielded 𝑝 = 0.19460, indi-
cating no statistically significant difference between the two best-
performing models, suggesting both are equally strong candidates.
The SVM × LSTM test (𝑝 < 0.0001) confirmed an extreme dispar-
ity, with LSTM achieving results close to random classification.
These results reinforce the robustness of ensemble and margin-
based methods when combined with hybrid TF-IDF and Word2Vec
features, while also underscoring the importance of aligning model
architectures with the characteristics of the target dataset.

Interpretation of individual results.
• SVM vs LightGBM: Both models showed very similar per-
formance across folds, with variations not large enough to
be statistically significant. This suggests that either could
be used interchangeably in production without noticeable
impact on classification quality.

• SVM vs LSTM: The large positive t-statistic and extremely
low p-value confirm a clear and consistent superiority of
SVM over LSTM, with the latter performing only marginally
better than random guessing for this classification problem.

5 Conclusion
This study presented a hybrid approach for evaluating and classify-
ing Behavior-Driven Development (BDD) test scenarios written in
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Gherkin, integrating Natural Language Processing (NLP) and Ma-
chine Learning (ML) techniques. The proposed solution addresses
two critical challenges in BDD-based test automation: (i) ensur-
ing compliance with syntactic and semantic best practices and (ii)
accurately classifying test steps according to their functional roles.

The architecture combines a rule-based NLP validator, responsi-
ble for static analysis to enforce structural and stylistic conventions,
with a supervised ML classifier that categorizes steps as Precon-
ditions, Actions, or Expected Results, independently of the original
Gherkin keywords. This dual-layered design provides both quali-
tative feedback on scenario quality and quantitative classification
outputs, forming a comprehensive framework for automated BDD
step analysis.

A distinctive aspect of this evaluation is that the models were
trained exclusively on a synthetically generated dataset and tested
on a real-world BDD repository provided by a global technology
company specializing in laptops and mobile devices. This industrial
dataset enabled a realistic and high-impact assessment of model
performance, reinforcing both the external validity and practical
applicability of the approach. The results in Table 1 show that SVM
achieved the highest accuracy (0.770) and precision (0.812), while
maintaining strong recall (0.770) and F1-score (0.765). LightGBM
followed closely, with the highest F1-score (0.770) and balanced
performance across all metrics. XGBoost ranked third, showing
consistent results across all measures, while MLP also delivered
competitive performance with metrics around 0.70.

In contrast, neural architectures such as LSTM and transformer-
based models like BERT did not surpass the traditional algorithms
that perform the best. Although BERT achieved high precision
(0.742), its recall (0.557) and F1-score (0.484) were notably lower,
indicating a tendency toward conservative predictions. Models such
asCatBoost and LSTM performed poorly, with results approaching
those of random classification.

The Friedman test confirmed that the observed differences among
models were statistically significant (𝜒2 = 54.5692, 𝑝 = 9.29×10−8).
Furthermore, a pairwise Student’s T-test between XGBoost and
MLP yielded 𝑡 = 5.0624, 𝑝 = 0.00134, indicating a significant per-
formance advantage for XGBoost in terms of F1-score. These find-
ings highlight both the robustness of ensemble learning methods,
particularly gradient boost, and the effectiveness of hybrid fea-
ture engineering strategies that combine TF-IDF and Word2Vec for
structured textual classification tasks.

In conclusion, the proposed hybrid NLP–ML framework not only
enforces BDD best practices, but also achieves strong classification
performance on industrial data in the real world, even when trained
exclusively on synthetic datasets. This demonstrates the viability
of synthetic data generation for training models in domains with
limited labeled resources. In addition, the system’s capability to
deliver near real-time step-level feedback makes it highly suitable
for integration into CI/CD pipelines, enabling continuous quality
control of BDD scenarios during development and prior to deploy-
ment. In future work, we plan to extend the NLP validator with
autocorrection features, integrate semantic role labeling for deeper
contextual analysis, and explore transfer learning approaches to
further enhance cross-domain generalization.
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