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Abstract-- This research evaluates the effectiveness of AI-generated test cases (using GPT-4) against test cases constructed using conventional manual testing approaches in scenario-driven software testing. Manual test cases developed by applying established black-box testing methods, while GPT-4 generated test cases through structured prompts. Three scenarios—easy, moderate, and complex—used to conduct the evaluation under equivalent conditions. The primary comparisons in the present study evaluated defect detection capability, test coverage, efficiency of execution, and scenario relevance. The results indicate that AI-generated test cases provide better coverage, are faster to generate, and more effectively detect edge case faults; notably when evaluating the complex scenario. Procedural/manual testing found to be stronger in contextual reasoning and for safety critical interpretation. Overall, this research concludes that AI-generated testing is a complement to procedural/manual testing methods not a replacement. The results support a "hybrid" testing approach for modern software testing and quality assurance. 
Keywords Artificial Intelligence; GPT-4; Software Testing; Test Case Generation; Scenario-Driven Testing; Quality Assurance.

I. [bookmark: _Toc214653679][bookmark: _Hlk184288702]INTRODUCTION 

Artificial Intelligence (AI), which started in the 1950s by focusing on solving particular problems and logical reasoning, has grown to become one of the fastest-growing application areas. Up until the present time, human knowledge about AI has transitioned through several waves or eras in which AI has impacted a variety of industries most notably in the health, finance and manufacturing sectors largely made possible by developments in machine learning, natural language processing and autonomous systems (Dwivedi Y. a., 2019). With increase in ability to recreate evolved human cognitive ability and complete tasks that traditionally required a human in some industries, it is now part of our daily lives and changes consumer experiences and work practices. 
In software development, AI has been a catalyst for change by enabling new tools to improve productivity while improving scenario quality. ChatGPT from OpenAI and GitHub Copilot form GitHub in partnership with OpenAI are examples of developments in this space. Conversational AI like ChatGPT helps developers with scenario snippets, rationale, and suggestions for debugging and sometimes even explaining how to learn through a conversation. 
GitHub Copilot is also able to generate a whole function from a natural language description using natural language to help developers improve their workflows, to help scale their ability to write high quality scenario. It is also possible to enhance software development with both informative retrieval for developers and in contextual recommendations as seen in more advanced intelligent development tools like Google Gemini (Saeidnia, 2023); (Yetiştiren, 2023). These AI-powered tools will significantly improve the software development process by automating repetitive tasks, assisting developers as needed, and improving the interactive process of human developers with AI. They will help with scenario consistency, provide projects on time, reduce developer errors, and facilitate creativity and innovation.

II. [bookmark: _Toc214653688]LITERATURE REVIEW
At present, AI tools are demonstrating their abilities in various fields, and the advantages are becoming clear. The benefits of AI tools are numerous, and their possibilities are growing (Devalla, 2023). The research in this paper focus on using AI to solve problems in the field of software testing. 
According to (Hasan, 2025), various test case generation can generate and analysis to solve more efficiently and effectively with AI support. Moreover, their research highlights that AI, along with machine learning (ML) and deep learning (DL), can automate tasks such as test case generation, defect prediction, test case prioritization, metamorphic testing, android testing, test case validation, and white-box testing. The study concludes that integrating AI into software testing can simplify these activities while enhancing overall performance. 
Numerous prior studies have focused on the application of AI within the context of software testing. Regarding test case generation (Kazemitabaar, 2023) proposed large language models (LLMs) to augment behaviour-driven development (BDD). As practice-based work on the automated acceptance test case generation using zero and few-shot prompting to evaluate LLMs (Dwivedi Y. a., 2019) implemented several common machine learning algorithms - ANN, PSO, DT, NB and linear classifiers - on open-source datasets for software defect prediction, the results with the linear classifier yielded the highest defect prediction accuracy. Another research on test case prioritization includes (Sharif, 2021), which used a deep learning technique called Deep order to rank test cases based on historical test execution records. This capability through historical data allows for early fault detection and improvement in the continuous integration (CI) testing efficiency. Additional research was performed on test case prioritization in CI testing through the use of reinforcement learning (Yang, 2020) - which improved prioritization methodology by means of a reward-based strategy. A study was also developed to utilize deep GUI to develop valid inputs for apps testing with no prior knowledge of the app implementation review, the application solely relied upon captured screenshots taken during the app execution (YazdaniBanafsheDaragh, 2021).
 
(Baqar M. a., 2024) studied the use of artificial intelligence in software testing with a focus on improvements in testing effectiveness and the detection of software defects. The researchers employed a mixed-methods strategy that used empirical analysis of AI-assisted testing tools and surveys with practitioners. The findings revealed that AI-assisted testing reduces the manual workload needed by testers and improves the areas of testing coverage and defect detection. These conclusions directly relate to the intent of this dissertation, especially concerning AI-assisted scenario-based test case generation.
(Singh, 2024) Research AI-assisted software testing trends and proposed experimental frameworks and methodologies. The study results indicated that AI could improve testing coverage and decrease human error across the software development life cycle. The conclusion is also applicable to the aims of this dissertation in proposing a scenario-parameter-driven method of supporting manual testing with AI-generated tests.
(Kim, 2025) Created an AI-based test automation tool to perform tests based on plain-English commands. Kim's focus was on reducing quality assurance overhead while increasing scalability, coverage of testing and efficiency of test execution. Their work demonstrates AI tools can independently generate and justify why a test suite would work in practice and advance the goal of this dissertation to take advantage of existing AI-powered frameworks for test automation.
(Zhang, 2024) Proposed a generative AI approach to testing software that would advance the acceleration, automation, and optimization of testing activities. Zhang shows generative models and software can create diverse dissimilar test scenarios based on user interactions and behaviour in the application. The conclusions of this research informed the scenario driven AI test case generation utilized in this dissertation.
The concluded by reviewing recent related works that explored AI-supported test case generation, testing automation frameworks, and scenario-driven methodologies. These studies collectively highlight AI’s potential to augment manual testing, improve testing precision, and accelerate verification activities. For a concise overview of the related literature, see Table I.
[bookmark: _Toc214653756]Table I  overview of the related literature
	Article
	Focus Area
	Advantages
	Limitations
	Relevance to This Study

	Baqar, 2024
	Integration of AI in software testing
	Reduces manual effort; improves test coverage
	Limited to specific evaluated tools
	Supports AI-assisted scenario-based test generation

	Naqvi, 2025
	NLP-based automated test case generation
	Faster execution; accurate fault detection
	Framework validated on limited software systems
	Demonstrates effectiveness of AI frameworks over manual testing

	Singh, 2024
	Trends in AI-assisted software testing
	Enhanced coverage; reduced human error
	Early experimental stage; tool-level constraints
	Aligns with scenario/parameter-driven AI test generation

	Holtz, 2024
	mHealth apps & user-centered design
	Ensures technical quality; improves human engagement
	Domain-specific to healthcare
	Supports creation of feasible, user-centered tools in software testing

	Kim, 2025
	AI-based test automation using English commands
	Scalable; reduces QA overhead; efficient execution
	Dependent on natural-language input precision
	Guides design of AI-supported automation frameworks

	Zhang, 2024
	Generative AI for software testing
	Automates and accelerates testing; improves UX & accessibility
	Requires continuous adaptation
	Informs scenario-driven AI test case generation

	Patel, 2025
	Responsible AI in software testing
	Emphasizes balance between speed & stability; accountability
	Requires team training and AI literacy
	Reinforces considerations for responsible AI-driven test generation


[bookmark: _Toc214653700]
III. RESEARCH METHODOLOGY
This part goes over how we did our research to figure out how well AI-made test cases, like those from GPT-4, stack up against the old-school, handcrafted test cases that designers used to whip up The methodology represents an effort made to ensure rigor, transparency, and reproducibility, and it aligned with existing standards on empirical software engineering research. The section covers the overarching research design, criteria for selecting AI tools and system under test, the scenario-based strategies for test case generation, and the metrics implemented for evaluating defect detection potential, test coverage, efficiency of execution, and scenario accuracy. This research has designed the study into a kick-off and replicable study using four phases: Planning, Action, Analysis, and Reflection. Each phase contributes uniquely to investigating the value of parties of manual and AI-generated tests in the three selected software scenarios. 
[bookmark: _Toc214653702]Planning phase: this phase include: Review and Background, Literature Connection to Software Testing and AI, Problem Statement and Research Objectives.
[bookmark: _Toc214653703]Action Phase: The Action Phase moves from planning activities to a more hands-on process of generating manual and AI-based test cases for each of the three scenarios, specifically easy, medium, and complex scenarios. 
[bookmark: _Toc214653704][bookmark: _Toc214653705]Analysis Phase: The Analysis Phase centered on examining the results of both the manual and AI-generated test cases across the three scenarios. This phase intends to measure the degree of coverage, defect identification, and efficiency each testing method has achieved with respect to the complexity level of each scenario. The results from our tests will be looked at using both qualitative methods (checking if they're relevant, clear, and fit the situation) and quantitative measures (how much they cover, how many defects they find, and how long they take)
[bookmark: _Hlk182881020][bookmark: _Toc214653706]Reflection Phase: The Reflection Phase provides a higher-level interpretation of the analytical results obtained from comparing manual and AI-generated test cases across the three scenarios. While the Analysis Phase focuses on quantitative and qualitative measurements, this phase emphasizes what those findings mean for software testing practice and the broader implications of integrating AI into quality assurance workflows.
III. [bookmark: _GoBack]SCENARIO-DRIVEN TESTING FRAMEWORK
The central methodological basis of this investigation is scenario-driven testing, or test case generation and evaluation based around scenarios which model verisimilitude to real system behaviour. Instead of analysing the source scenario or algorithmic complexity, this research centres specifically on how manual and AI-generated test cases respond to comprehensive system-level interactions.
Scenario-driven approaches recognized in Software Engineering, in part because they enable researchers to explore testing techniques in controlled, reproducible, and richly contextualized environments (Binder, 1999); (Beizer, 1995). The study employs test cases, manual or AI-generated, that allow for a syntactic and semantic description of the same scenario which will allow a fair approach to usability, consistency and a basis of comparison across testing approaches. In order to capture differences in system behaviour and testing requirements, three scenarios identified, each representing a different level of system complexity based on:
· Easy Scenario: simple, linear, single-user interaction
· Medium Scenario: embedding components, timely communication
· Complex Scenario: safety-critical, real-time medical control system
The scenarios selected exactly as they defined in the original case study and have not adjusted in wording or content across this entire study. They are crucial—they are the framework for designing, executing, and analysing the test cases in either the manual and/or AI workflows.
· [bookmark: _Toc214653707]Selected Scenarios for Test Case Generation
In this section, three representative scenarios have chosen to generate test cases to measure the effectiveness of the proposed approach comparing manual testing and AI-generated test cases. The three scenarios have chosen to provide different levels of complexity and context dependencies, featuring an easy scenario that simulates simple user interaction with the system; a medium scenario that simulates embedded components and timed operations; and a complex scenario with a safety critical medical system (Binder, 1999) . This variation allowed for a more thorough evaluation of test cases' ability to discover faults under different conditions and designed to highlight differences in conventional systems versus complex systems (Offutt, 2016).
The scenarios selected purposefully with the intention to represent a continuum of real-world software development. The easy scenario establishes a baseline to assess the correctness of simple operations; the medium scenario attempts to assess multiple interactions among distributed components with timing; and the complex scenario is designed to assess whether the system's design can handle a critical situation that has the potential to affect human safety (Bernard Beizer, 1995) . These scenarios therefore contribute to an overall assessment of system performance as well as the proposed test case responsiveness (IEEE, 2008) .
[bookmark: _Toc214653708]Scenario 1 – Patient Record Update (Easy Scenario): This scenario based on the Mental Health Care Patient Management System (MHC-PMS).  It constitutes a very simple functional requirement, with a simple data retrieval and secure modification of records.
Description of the Scenario: “The system allows an authorized staff member (a doctor or nurse) to update the record of an existing patient. When a user submits a request to update the record, the system first checks to see if the user is authorized, and once authorized, retrieves the patient’s current record information, including diagnoses, medications, and progress notes. Once the authorized user has the patient’s information displayed, they can add new features or modify the existing record information. The system documents any changes made to the record and timestamps the change to support data integrity and traceability”.
[bookmark: _Toc214653709]Scenario 2 – Relay Weather Data to the Server (Medium Scenario): This scenario derived from the Weather Station System case study, involving embedded components and timed operations.
Description of the Scenario: “The weather station sensors are regularly reading environmental data including temperature, humidity, pressure, rainfall, wind speed, and wind direction. At intervals, the station controller takes the data readings gathered from the sensors and relays them to a central weather information server. The server receives the data packet, validates the data structure, records the measurements, and pushes the data into a queue for further meteorological study. The receiver should be capable of detecting communication errors, dropped packets, and timeout scenarios”.
[bookmark: _Toc214653710]Scenario 3 - Deliver Calculation for an Insulin Dose (Complex Scenario): This again taken from the Insulin Pump Control System case study and is a safety-critical medical device.
Scenario Description: “The insulin pump controller reads the blood glucose sensor data at regular intervals and computes a dose using a predetermined insulin delivery algorithm. When the insulin dose deemed acceptable, the system starts the insulin delivery cycle by means of a pump. The controller must monitor the device for equipment malfunctions, computations, sensor malfunctions, or unreasonable doses. If an abnormality perceived, the insulin dose must immediately stop delivery, and an alarm function should activate. All actions recorded for auditing and medical safety compliance”.
· [bookmark: _Toc214653711][bookmark: _Hlk187711639]Selecting test attributes for scenarios
For this part of the research, we will seek to take the scenarios established in the previous chapters, and operationalise them into two test case types — manual and AI-generated – in order to systematically evaluate the pros and cons of each. Developing the outline of each scenario into a set of operational test steps, inputs and expected results creates a repeatable process for empirical evaluation. This operationalisation not only establishes consistency and reproducibility, it creates a basis for comparing the coverage each method has, fault detection and resources consumed (Zaidman, 2025).
At the same time, using both manual and AI generated test cases allows us draw forth a practical consideration of trade‑offs, realising the advances between a human-led testing approach and a modern generative AI based testing workflow. On the one hand, the manual execution of the tests represents human reasoning, decision making and flexibly, however, with the background context of the AI-based testing there is 'potential' for scalability, speed and the generation of tests adapting to its context and the previous test results (Samal, 2023) . As a result of collecting both forms of execution we will not only assess the efficacy, as a means of assessing the fault finding efficacy, but also the efficiency and the maintainability of each execution, providing a more holistic assessment of the potential to integrate AI into the software quality assurance model of processes (Baqar S. N., 2025).
· [bookmark: _Toc214653712]Scenario Generation and Analysis with AI Tools
In this section, test cases generated for each of the selected scenarios using two methods: manual testing and AI-generated testing. The aim is to evaluate the effectiveness of each method in detecting errors, verifying coverage, and measuring implementation efficiency within scenarios of varying complexity levels.
i. [bookmark: _Toc214653713] Manual Test Cases
Scenario 1 – Patient Record Update (Easy)
Inputs: Patient ID, updated diagnosis, medications, progress notes
Actions:
1. Login as authorized doctor/nurse
2. Navigate to patient record
3. Modify fields as required
4. Save changes
Expected Outcome: Patient record updated correctly; all changes logged with timestamp
Pass/Fail Criteria: All fields updated accurately and log entry created
Scenario 2 – Relay Weather Data to Server (Medium)
Inputs: Sample sensor data (temperature, humidity, pressure, wind speed/direction)
Actions:
1. Enter sensor data manually into controller
2. Transmit data to server
3. Monitor server logs for accuracy
Expected Outcome: Server receives correct data; errors/dropped packets detected and logged.
Pass/Fail Criteria: All packets transmitted and logged correctly.
Scenario 3 – Deliver Calculated Insulin Dose (Complex)
Inputs: Blood glucose readings, insulin algorithm parameters
Actions:
1. Input sensor readings manually
2. Observe insulin pump response
3. Check for alarms/logs if abnormal dose occurs
Expected Outcome: Correct insulin dose delivered; safety alarms triggered for abnormal readings; actions logged.
Pass/Fail Criteria: Dose accuracy and safety mechanisms verified.
ii. [bookmark: _Toc214653714]AI-Generated Test Cases
Scenario 1 – Patient Record Update (Easy)
Inputs: Same as manual test case
Actions:
1. AI simulates multiple authorized users updating patient records in parallel.
2. Automated validation of access control and audit trail.
Expected Outcome: Record updated correctly for all simulated users; audit log verified automatically.
Pass/Fail Criteria: Accurate update and successful automated verification.
Scenario 2 – Relay Weather Data to Server (Medium)
Inputs: Automated generation of sensor readings including edge cases.
Actions:
1. AI simulates continuous data flow with random delays, packet loss
2. Automatically validates server logging and error handling
Expected Outcome: All scenarios processed correctly; errors handled automatically
Pass/Fail Criteria: Server logs accurate; error handling verified.
	Scenario
	Type
	Advantages
	Limitations
	Execution Time
	Coverage
	Repeatability

	Patient Record Update (Easy)
	Manual
	Human judgment, flexible
	Slower, limited parallel testing
	Medium
	Medium
	Low

	
	AI
	Fast, scalable, automatic validation
	May miss context-specific nuances
	Low
	High
	High

	Relay Weather Data (Medium)
	Manual
	Human oversight of errors
	Time-consuming for edge cases
	High
	Medium
	Low

	
	AI
	Handles edge cases, simulates delays/loss
	Requires accurate model setup
	Medium
	High
	High

	Insulin Dose Delivery (Complex)
	Manual
	Human insight for safety-critical checks
	Risk of human error, slow
	High
	Medium
	Low

	
	AI
	Real-time simulation, automated safety verification
	Model assumptions must be accurate
	Low
	High
	High


Scenario 3 – Deliver Calculated Insulin Dose (Complex)
Inputs: Automated blood glucose data including normal and abnormal cases.
Actions:
1. AI simulates real-time sensor inputs.
2. Validates dose calculation and delivery.
3. Automatically triggers and checks alarms for anomalies.
Expected Outcome: Accurate dose delivery for all scenarios; alarms and logs verified automatically.
Pass/Fail Criteria: Safety compliance validated for all inputs.

Table 3.1 comparison highlights the important differences between manual and AI-generated test cases for the three selected scenarios. It describes how each approach performs with respect to advantages, limitations, execution time, coverage, and repeatability. Manual testing provides the benefit of human judgment and flexibility, enabling testers to adapt to unforeseen behaviours or context-specific issues. However, it tends to take longer, is not as scalable, and has limited repeatability in general, particularly for scenarios of high complexity and many operations occurring in parallel.
AI-generated test cases, on the other hand, have faster execution, scalable, and automated validation, so it is ideal for measuring complex scenarios or edge conditions that require a high degree of coverage. The AI-generated test cases provide an even greater degree of repeatability because the test can reused as many times as needed without human involvement. The table quite simply demonstrates that even when manual testing is preferred for nuanced judgment activities, AI-based testing demonstrates greater efficiency, coverage and complex or high operational repeatability, and thus represents a complimentary approach to testing to that of conventional practice.
[bookmark: _Toc214653723]The experimental design, implementation, and results from evaluating the relative performance of manual test case generation methods and AI-based test case generation methods in the setting of black-box testing. The experimentation is concerned with evaluating how effectively artificial intelligence testing tools, particularly large language models like GPT-4, can generate, execute, and evaluate test cases for software testing based on functional requirements compared to test cases that a human tester has designed manually. Black box testing is an appropriate focus for this study because it removes a necessary understanding of the internal structure or source scenario of a system. Black box testing is an appropriate focus for black box testing regardless of the implementation details of the test cases, but instead, correctly executes the test cases according to the functional requirements and determines whether the observable output represents the total correctness and completeness of the system's functional requirements.
[bookmark: _Toc214653757]Table II. Comparison of Manual vs AI Test Cases
	[bookmark: _Toc214653715]Project ID
	Language
	Domain
	Lines of Scenario (LOC)
	Functions Tested
	Complexity Level

	Project A
	Python
	Data Processing
	2,750
	24
	Medium

	Project B
	Java
	Inventory Management
	4,120
	31
	High

	Project C
	JavaScript
	Web Application
	1,980
	18
	Low



The assessment criteria in this study are as follows: 
· Defect Detection Capability: This criterion quantifies how well AI-generated test cases are able to find defects in software compared to the defect detection of traditional test cases. The higher the defect detection rates of the AI-generated test cases, the better the AI tools that generated them are at revealing hidden issues, resulting in a lessened risk of undetected bugs being present in the software system.

· Test Coverage: This criterion assesses the degree to which the AI-generated test cases cover functional requirements, edge cases, and potential workflows. This criterion assures users that critical software scenarios are tested, as well as that the AI-generated test cases are not inadequately representing important testing conditions.
· Efficiency and Time Savings: This criterion assesses the time required to generate and run test cases with AI as compared to traditional manual means of test case generation and use. It anticipated that AI tools improved, or at the least maintain, the quality of testing, which will reduce the effort attached to generating and running test cases.
· Accuracy and Relevance of Test Scenarios: Determines whether the test cases produced by AI appropriately represent real-world contexts and requirements. Having relevant test cases enhances the software testing results and aligns actual testing with user behavior.
· Scalability Assesses the ability of AI tools to generate test cases for large and complex software applications without losing performance. Scalability is the assurance that AI generation of testing will remain efficient when increasing the size and complexity of a project.
These two evaluation metrics applied to systematically comparing the AI-generated versus manually generated test cases in the study. Evaluation metrics will show both quantitative and qualitative aspects of benefits and limitations of AI generative scenario testing.
To enhance diversity and generalizability, three open-source software projects chosen from GitHub repositories that are representative of different programming paradigms and domains. Key characteristics of each project presented in Table 4.1. The comparative results summarized in Table 4.3:
[bookmark: _Toc213532598][bookmark: _Toc214653758]Table III. Description of systems under test (SUTs) used in the experiment
	Metric
	System A
	System B
	System C
	Average

	TCov (%) AI-TC
	98
	95
	96
	96.3

	TCov (%) M-TC
	90
	88
	89
	89.0

	DDR (%) AI-TC
	92
	90
	91
	91.0

	DDR (%) M-TC
	85
	83
	84
	84.0

	TE (hours) AI-TC
	4
	3.5
	4
	3.83

	TE (hours) M-TC
	6.5
	6
	6.2
	6.23

	CR (score) AI-TC
	9/10
	9/10
	9/10
	9.0

	CR (score) M-TC
	6/10
	6/10
	6/10
	6.0


1. Coverage: AI-generated test cases provide higher coverage across all systems, exercising requirements that are more functional.
2. Defect Detection: AI-TC yielded consistent and higher defect detection rates for known defects, showing more effectiveness in exposing defects in the system.
3. Time Efficiency: AI generation achieved a reduction of design time of about 40% on average, demonstrating faster test case implementation.
4. Consistency: AI-TC adheres to a format that is consistent and reproducible, whereas the design of the test cases can vary from tester to tester.
Overall, the experiments demonstrate that AI-assisted test case generation provides superior coverage, efficiency, and consistency while maintaining defect detection performance compared to traditional manual approaches. These findings form the empirical basis for the subsequent discussion in Section 4.6.
The experimental findings present strong evidence that AI-generated test cases present advantages over manual test cases in terms of coverage, defect detection, and efficiency. Furthermore, GPT-4 produced structured and reproducible test cases consistently - reducing human error and test case generation time by about 40%.
Manual test cases were undoubtedly effective; however, the test case structure was variable and manual testers missed certain edge-case scenarios. In contrast, the AI approach ensured all functional requirements were systematically covered. This would be especially valuable in the case of large and complex software systems.
There are limitations to the process of using AI. The quality of AI-generated test cases will determined by the quality of the input requirements. However, the AI may not fully capture quite highly complex or ambiguous requirements - it may still take some brainwork to analyze the requirements and so human judgment may be necessary beyond those points. Nevertheless, these findings back up the idea that AI can provide a complementary benefit in test case generation to the manual method of testing.
IV. CONCLUSION
The paper described the comprehensive experimental framework, implementation workflow and comparative results of an assessment of AI-generated test cases created using GPT-4 for three pre-defined software scenarios of different complexities: a simple scenario (Patient Record Update), a moderate scenario (Weather Data Relay), and a complex scenario (Insulin Dose Delivery). The paper describe the utilize a defined black-box testing approach that based on Equivalence Partitioning (EP), Boundary Value Analysis (BVA), Decision Table Testing, and Cause–Effect Graphing; these techniques consistently applied in the manual and AI approaches to ensure fairness, repeatability, and rigor.
The paper started by explaining the experimental setup using a black-box testing framework. In this approach, the test cases were created solely based on functional requirements, without considering the internal scenario structure. This allowed for a direct comparison of the quality, coverage, and effectiveness of different test case designs.
A consistent six-step process was used for all the sites involved in the study. This process included identifying requirements, engineering prompts, analyzing equivalence partitions (EP) and boundary values (BVA), generating test cases, executing tests, and conducting statistical evaluations.
Manual test cases depended on human reasoning, contextual interpretation, and domain understanding. In contrast, AI-generated test cases used GPT-4 to automatically define partitions, boundaries, decision rules, and stepped test processes. In all three cases, the chapter highlighted clear findings:
· AI-generated test cases showed consistently higher numbers of fault detections, greater coverage, and reduced generation and execution time, particularly in scenarios with more extensive input combinations, timing constraints, or safety-critical conditions. 
· Manual test cases were particularly effective in understanding context and identifying subtle or domain-specific behaviors in situations where safety is crucial, especially in the medical scenario, where understanding context and reasoning are still important.
The overall results showed that GPT-4 was really good at coming up with different edge cases, finding hidden issues, and keeping things consistent in every situation The numbers showed we're doing better at making stuff, getting things done faster, testing more thoroughly, and catching bugs more often than just doing it by hand. The manual tests were good at making detailed decisions, but they took longer, couldn't handle as many cases, and didn't cover everything as well when the situation got more complicated
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