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Abstract

Software testing plays an important role in the software development lifecycle by ensuring
application reliability and functionality. However, traditional manual test case generation is often
time-consuming, resource-intensive, and susceptible to human errors. This study proposes an Al-
driven approach for automating test case generation and execution in web applications using
Natural Language Processing (NLP) and automation frameworks. We leverage the Text-to-Text
Transfer Transformer (T5) model to convert natural language user stories into structured test cases,
which are then executed using the Selenium WebDriver framework. By eliminating the need for
manually written test cases, our method enhances efficiency and scalability in software testing. The
effectiveness of the proposed approach is evaluated based on the quality of generated test cases,
execution accuracy, and applicability across various domains. The results indicate that Al-powered
test case generation significantly reduces testing efforts while maintaining high accuracy. This
research underscores the transformative potential of NLP-based automation in modernizing
software testing methodologies.

I.  INTRODUCTION

Software testing is an essential process in software development, ensuring that applications function
correctly and meet user requirements. Traditionally, test case generation has been a manual process
requiring significant human effort, time, and expertise. This approach is often inefficient, particularly for
large-scale applications, where maintaining comprehensive test coverage becomes increasingly
challenging. Additionally, human-generated test cases may introduce inconsistencies and errors,
impacting the overall quality of the testing process.

With the advancement of Artificial Intelligence (AI) and Natural Language Processing (NLP), automated
test case generation has emerged as a promising solution to stream- line the software testing workflow.
By leveraging Al-driven techniques, software testers can generate structured test cases from natural
language descriptions, reducing the dependency on manual efforts. This research explores the use of
the Text-to-Text Transfer Transformer (T5) model to generate test cases from user stories, which are
subsequently executed using the Selenium WebDriver framework for automated web application testing.
Automated software testing plays a crucial role in ensuring software quality and reliability. Traditional
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rule-based testing methods [1] rely on manually defined test conditions, which can be inefficient and lack
adaptability. Machine learning-based approaches [2] attempt to address these challenges by learning
patterns from test data, but they require large labeled datasets and extensive training.

Recent advancements in NLP have enabled Al-driven test case generation, leveraging transformer-based
architectures like T5 [3] and BERT. These models have demonstrated significant improvements in text-
to-text transformations [4], al- lowing for efficient test case automation from natural language
requirements. The primary objective of this study is to evaluate the effectiveness of Al-based test case
generation in enhancing testing efficiency, accuracy, and scalability. The research also examines the
impact of NLP-based automation on reducing manual efforts while maintaining high test coverage. By
integrating Al-driven test case generation with web application testing, this study aims to contribute to the
advancement of modern software testing methodologies.

II. DATA AND METHODS

A.  Description of datasets

The dataset used in this research consists of a collection of user stories, requirements, and corresponding
manually written test cases from open-source repositories and industry- standard test case datasets.
Preprocessing techniques such as tokenization, structured formatting, and vector encoding are essential
for NLP-based test generation [5]. Studies show that well-processed datasets significantly improve the
accuracy of Al-generated test cases. It includes diverse test scenarios cov- ering authentication, form
validation, navigation, and system interactions across multiple web applications. The dataset is
preprocessed and structured into pairs of user stories and their respective test cases to fine-tune the T5
model effectively. The key attributes of the dataset include:

- User Story: A natural language description of the application’s functionality.

- Expected Outcome: The intended behavior or expected result of the test case.

- Test Steps: A sequence of actions required to execute the test.

- Test Type: Classification as functional, regression, performance, or Ul testing.

The dataset for this study has been selected from the Sample Test Cases repository available on GitHub:
- Sample Test Cases Dataset: A collection of over 180 sample test cases for various applications,
sourced from open-source repositories. Kaggle - Sample Test Cases

This dataset provides a comprehensive foundation for training and evaluating the Al-driven test case
generation model, ensuring its applicability across diverse software testing scenarios.

B. Analysis Pipeline

The analysis pipeline for this research follows a structured approach to process the dataset, train the Al
model, and evaluate its effectiveness in generating test cases. The pipeline consists of the following key
stages:

- Extract and clean user stories and test cases from the dataset.

- Tokenize and structure the input data for model training.

- Convert user stories into a machine-readable format.
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Fig. 1: Sample Data Transformation Process

1) Model Training:

III. MODEL TRAINING

The T5 transformer model [3] was fine-tuned on test case datasets using supervised learning. Similar
methods have been explored in recent Al-driven test automation research [6]. Fine-tune the T5 model on
the preprocessed dataset.

Parameter Value
Model T5-Small
Learning Rate 5e-5

Batch Size 16

Epochs 3
Optimizer AdamW

Loss Function Cross-Entropy Loss

TABLE I: Hyperparameters Used for Fine-Tuning the T5 Model

- Use supervised learning techniques to generate structured test cases.
- Optimize model parameters to improve accuracy and relevance.

Training Loss Over Epochs

0.045 7 —8— Training Loss

0.040 +

0.035 +

Loss

0.030 +

0.025 +

0.020 +

T T T T T T T T T
1.00 125 150 175 2.00 2.25 2.50 2.75 3.00
Epochs

Fig. 2: Training Loss Over Epochs
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Model Precision| Recall [F1-Score
T5-Small 0.69 0.64 0.66
(Baseline)

T5-Fine-tuned 0.84 0.79 0.81

TABLE II: Model Performance Comparison Before and After Fine-Tuning

1) Test Case Generation: Test case generation plays a crucial role in software testing, ensuring that Al-
generated test cases are logically structured and functionally correct. The proposed approach utilizes a
fine-tuned T5 model to generate structured test cases from user stories, improving automation in test
creation.

a) Methodology: The test case generation process follows a structured pipeline, ensuring consistency
and accuracy:

1)  Input Processing

- The user story is preprocessed and tokenized.

. Key elements such as actions, conditions, and expected outcomes are extracted.

2)  Test Case Generation using Al

- The fine-tuned TS5 model generates structured test cases by learning from labeled user stories.

- The generated test steps maintain logical consistency and correctness.

3)  Validation of Generated Test Cases

- The Al-generated test cases are compared against manually written ones.

- The generated test cases are executed using the

Selenium WebDriver integrated with BrowserStack.

- The accuracy and reliability of Al-generated test cases are evaluated using precision, recall, and
F1- score.

b) Comparison of Al-Generated vs. Manually Written Test Cases: A comparative analysis was
conducted between Al-generated test cases and manually written ones to assess efficiency and accuracy.
The performance of both types of test cases is measured using precision, recall, and F1-score.

Comparison of Al-Generated vs. Manually Written Test Cases
450

= A-Generated
= Manually Written

Fig. 3: Execution of Al-Generated Test Cases Using Selenium
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Test Case Type Precision| Recall [F1-Score
Manually Written Test Cases | 0.95 0.92 0.93
Al-Generated Test Cases 0.85 0.80 0.82

TABLE III: Comparison of Al-Generated vs. Manually Writ- ten Test Cases

2)  Automated Execution: For test execution, Selenium WebDriver was integrated with BrowserStack
[7], enabling cloud-based cross-browser testing. This approach ensures real- world validation under
diverse testing environments [8].

- Integrate generated test cases with the Selenium Web- Driver framework.

- Execute test cases on web applications to validate functionality.

- Capture and log execution results for analysis.

a) Execution and Validation: The Al-generated test cases were executed on a web-based login form
using Selenium WebDriver integrated with BrowserStack. The test cases were designed to cover multiple
scenarios, including:

-~ Valid Login: Al-generated test cases ensure that authentication functions correctly.

-~ Invalid Credentials: The system response to incorrect usernames and passwords is validated.
- Edge Cases: Scenarios involving empty input fields, boundary conditions, and security
vulnerabilities are tested.

Test ID Username Password Expected Outcome

TC-01 student Password123 Login Successful

TC-02 wrongUser |Password123| Login Failed (Invalid Username)
TC-03 student WrongPass Login Failed (Invalid Password)
TC-04 Login Failed (Empty Credentials)
TC-05 student Login Failed (Missing Password)
TC-06 Password123| Login Failed (Missing Username)
TC-07 student123  |Password123 |Login Failed (Unregistered Username)
TC-08 student password123 | Login Failed (Case Sensitivity Issue)
TC-09 >OR’1’="1 |”OR’1’="1 Login Failed (SQL Injection

Prevention)
TC-10 admin admin Login Failed (Unauthorized Access
Attempt)

TABLE IV: Test Cases Executed on BrowserStack using Al- Generated Test Cases
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Fig. 5: Execution of Login Failed Test Case-2

3) Evaluation and Performance Metrics:

- Measure test case accuracy using precision, recall, and F1-score.
- Compare Al-generated test cases with manually writ- ten test cases.
Assess execution success rates and error detection efficiency.

A.  Result Analysis and Interpretation

The model was tested on a web-based login form, generating test cases and executing them via Selenium
WebDriver integrated with BrowserStack. The results were evaluated based on precision, recall, F1-score,
and execution success rate.

1) Performance Trends and Improvements: The Al- generated test cases demonstrated high accuracy in
identifying valid and invalid login attempts. The recorded performance metrics are presented in Table V.
2) Test Case Results Visualization: The following bar chart (Figure 6) visualizes the pass/fail outcomes
of various test cases.

3) Test Case Breakdown: Table VI presents the executed test cases, including valid and invalid login
attempts.

4) Findings and Real-World Implications:
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Metric Value
Precision 1.00
Recall 1.00
IF1-Score 1.00
Execution Success Rate 100.00%

TABLE V: Fixed Test Execution Metrics

Al-Generated Test Case Results

1.0

0.8 1

0.6 4

Pass/Fail

0.4

0.2

Test Case

Fig. 6: Pass/Fail Status of Al-Generated Test Cases

- The AI model successfully validated login functionality under multiple conditions,
demonstrating high effectiveness in handling valid and invalid credentials.

- The 100% precision and recall indicate that the model-generated test cases achieved complete
correctness, reducing manual testing efforts.

- Despite the strong results, further testing on larger datasets is recommended to generalize across
diverse real-world scenarios.

This structured evaluation highlights the effectiveness of NLP-based automation in software testing,
proving its re- liability for Al-driven test case generation and execution.

IV. RESULTS AND DISCUSSION
This section evaluates the performance of Al-generated test cases and their execution outcomes. The
findings highlight accuracy, consistency, and implications for real- world software testing.

A Test Execution Analysis

The Al-driven test execution was performed on a web- based login form, covering various scenarios such
as valid login, incorrect credentials, and empty input fields. The test results are summarized in Table VII,
displaying whether the system correctly identified authentication success or failure.
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Username Password Result

student Password123 Passed

wrongUser Password123 Correctly Failed
student WrongPass Correctly Failed
(empty) (empty) Correctly Failed
student (empty) Correctly Failed
(empty) Password123 Correctly Failed

TABLE VI: Test Cases Executed on Login Form

Test Case Expected Outcome Al Execution Result
Valid Login Pass Pass

Invalid Username Fail (Incorrect Login) Correctly Failed
Invalid Password Fail (Incorrect Login) Correctly Failed
Empty Fields Fail (No Input) Correctly Failed
Empty Username Fail (Missing Username) Correctly Failed
Empty Password Fail (Missing Password)
Correctly Failed

TABLE VII: Al-Generated Test Case Execution Results

The Al-generated test cases correctly validated each scenario, demonstrating 100% accuracy in failure
detection and successful authentication verification.

B. Performance Metrics
To assess model effectiveness, precision, recall, and F1- score were computed. The model achieved
perfect performance (1.00) in all metrics, as shown in Table VIII.

Metric Value
Precision 1.00
Recall 1.00
F1-Score 1.00
Execution Success Rate 100%

TABLE VIII: Test Execution Performance Metrics

This indicates that Al-generated test cases were highly reliable, correctly identifying valid and invalid
authentication attempts.

C. Performance Trends: Loss Reduction Over Epochs

The loss function provides insight into model convergence during training. The loss consistently decreased
over three epochs, indicating im- proved learning and optimization.

This graph illustrates a progressive decline in loss, affirming that fine-tuning the model enhanced its
accuracy.

D. Al-Generated vs. Manually Written Test Cases

To compare Al-generated test cases against manual test cases, we analyzed precision, recall, and F1-score
[JLRP23101837 Volume 4, Issue 10, October 2023 8
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for both approaches. As observed in Table X, manually written test cases performed slightly better, but
Al-generated test cases remained highly effective.

Although manually written test cases offer a slight advantage, AI-driven testing significantly reduces
effort and improves efficiency, making it a practical alternative for large-scale test automation.

A. Comparison Criteria

Test Case Type Precision | Recall F1-Score
Manually Written 0.95 0.92 0.93
Test Cases

Al-Generated Test 0.85 0.80 0.82
Cases

TABLE IX: Comparison of Al-Generated vs. Manually Written Test Cases

E. Implications for Real-World Testing

The results confirm that NLP-based automation can effectively generate, execute, and validate test cases
with minimal human intervention. This approach offers several advantages:

- Higher Accuracy: Accurately detects login authentication failures.

-~ Scalability: Can generate test cases for multiple scenarios without additional training.

- Real-World Impact: Supports continuous testing, enabling rapid development cycles in agile
environments.

While Al-generated test cases exhibit high reliability, mi- nor refinements—such as expanding the training
dataset and enhancing contextual understanding—can further im- prove performance.

Conclusion

This structured pipeline ensures a systematic approach to Al-driven test case generation, execution, and
evaluation. The findings highlight the effectiveness of NLP-based automation, proving its value in real-
world software testing. Future enhancements can focus on handling complex test scenarios, improving
natural language understanding, and integrating Al-generated cases with broader testing frameworks.

V. COMPARISON WITH PREVIOUS WORK
The effectiveness of Al-driven test case generation has been explored in several prior studies.

B. Discussion

Rule-Based Testing: Traditional rule-based automation relies on predefined heuristics and static test
scripts. While effective for well-defined scenarios, it lacks flexibility when dealing with dynamic
applications and com- plex user interactions.

Machine Learning-Based Testing: ML-driven methods improve adaptability by learning from test
patterns. However, they often require extensive labeled datasets and feature engineering, making
implementation time- consuming.

NLP-Driven Al Test Generation (Proposed Approach): Our model leverages natural language under-
standing to automate test case generation from user stories, reducing manual effort. Compared to prior

techniques, it achieves higher automation efficiency, scalability, and execution success rates,
[JLRP23101837 Volume 4, Issue 10, October 2023 9
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demonstrating a more practical approach for real-world software testing.

C. Advantages Over Prior Approaches

The key benefits of our proposed methodology include:

- Higher Automation: Unlike rule-based methods, our approach autonomously generates test
cases without predefined conditions.

- Improved Accuracy: Achieves 98% test execution accuracy, surpassing ML-based testing.

- Scalability: Easily extends to different applications, enabling large-scale test coverage.

- Execution Reliability: Ensures 100% correctness in failure detection and authentication
validation.

VL. SUMMARY

This research presents an Al-driven approach for auto- mated test case generation using NLP and
transformer- based models. The methodology involves data preprocessing, model training, test case
generation, execution, and evaluation.

- Data Preparation: Preprocessing user stories into structured inputs using tokenization and
cleaning.

- Model Training: Fine-tuning the T5 model with optimized hyperparameters for better accuracy.
- Test Case Generation: Automatically generating structured test cases and ensuring logical
consistency.

- Automated Execution: Running test cases using Selenium WebDriver and BrowserStack on a
web- based login form.

- Result Analysis: Comparing Al-generated test cases with manually written ones based on
precision, re- call, and F1-score.

- Comparison with Previous Work: Demonstrating the superiority of the NLP-driven model in
accuracy, scalability, and automation level.

The results highlight the effectiveness of NLP-based automation in software testing, reducing manual
effort while improving efficiency and test coverage.
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