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 Oracle releases new updates with enhancements and bug fixes and are tested thoroughly before being released as it will 

impact on the existing business processes. Test case generation and regression testing can be time consuming, resource intensive 

and difficult. The significant contribution of this work is the Generative AI–Based Test Case Synthesis Framework for Oracle 

ERP Release Validation, which leverages Large Language Models (LLMs) to automatically generate, prioritize, and evaluate test 

cases from release notes, requirements and repository of historical test cases. It also features semantic similarity analysis, 

AI-driven test generation, and risk-based prioritization, which all contribute to more efficient and comprehensive testing. 

Experimental results show that the proposed approach is superior to current testing techniques in terms of test coverage, 

precision, recall and F1-score with reasonable reduction in test execution time. The results indicate that Generative AI can be a 

valuable resource in automating Oracle ERP regression testing, software quality assurance, and release validation processes. 

 

Keywords: Generative Artificial Intelligence (GenAI), Oracle ERP, Test Case Generation, Large Language Models (LLMs), 

Release Validation. 

1. INTRODUCTION 

Enterprise Resource Planning (ERP) systems are 

now integral to modern business, connecting all aspects 

of the enterprise, including the finance, human resource, 

procurement, supply chain management, and customer 

service functions and processes, into a single application. 

Oracle ERP is popular among the different ERP solutions 

because of its ability to handle complex business 

processes, reliability, and scalability. Oracle regularly 

updates its software to stay competitive and meet 

changing business needs, adding new features, 

improving performance, fixing bugs and security 

vulnerabilities. 

Newly introduced changes in each Oracle ERP 

release must be carefully validated to ensure that there is 

no negative impact on the prevailing business processes. 

The validation of the release is mainly based on 

regression testing (re-running tests that were already 

performed to check system stability). The traditional 

approach to creating and running test cases, however, is 

largely manual and a significant testing team effort. With 

the increasing complexity of ERP, manual testing 
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becomes more and more costly, time consuming and is 

subject to human error. These difficulties can cause 

software to be delayed for release and cost to become 

higher for operations. 

The introduction of new forms of Artificial 

Intelligence (AI), such as Generative Artificial 

Intelligence (GenAI) and Large Language Models 

(LLMs), has revolutionized a number of software 

engineering tasks including code generation, defect 

detection, and automated software testing. Generative 

AI can handle massive amounts of text data, interpret 

software needs, and produce meaningful text-based 

results from context. These features can be valuable in 

the context of automated generation of test cases and 

enhancement of software quality assurance workflows. 

There are several research works that have 

shown that LLMs are very effective in creating 

regression tests, requirement-based test cases and unit 

tests. While there have been significant strides, there are 

relatively few studies that specifically address the use of 

Generative AI for Oracle ERP release validation. Oracle 

ERP environments are complex because of their 

workflows, number of business rules and the extensive 

regression testing requirements. So, an intelligent 

framework to generate accurate and comprehensive test 

cases specific to Oracle ERP systems is needed. 

To address this, this paper proposes a 

Generative AI – Based Test Case Synthesis Framework 

for Oracle ERP Release Validation that uses generative 

AI to automatically generate test cases. The proposed 

framework is based on the automatic generation, 

evaluation and prioritization of test cases using LLM 

with the help of semantic requirement analysis and risk 

assessment techniques. The framework will use release 

notes, requirement documents, business rules, and 

historical testing repositories to enhance the overall 

quality of software, speed up release validation, lessen 

manual effort, and maximize test coverage. 

The major contribution of this work is to develop 

an AI based framework which will automate the 

regression testing in Oracle ERP with high accuracy and 

high efficiency. The proposed solution aims to offer a 

scalable solution to organizations that are managing 

increasingly complex ERP release cycles and ensuring 

reliable software deployments. 

2. LITERATURE SURVEY 

Testing software requirements is an important aspect of 

software quality and reliability. Dos Santos et al. [1] have 

systematically reviewed the literature for software 

requirements testing approaches and presented a list of 

software requirement testing techniques that are used to 

validate and verify requirements throughout software 

development lifecycle. They focused on the need for 

early defect detection and identified issues with 

maintaining test coverage and addressing changing 

needs. 

The application of machine learning in the software 

testing has been a growing phenomenon. Pan et al. [2] 

conducted a systematic review of test case selection and 

prioritization techniques based on machine learning. 

They discovered that by leveraging machine learning, 

testing efforts and testing execution time could be 

greatly decreased, and effectiveness of fault detection 

could be significantly enhanced. The effectiveness of 

these approaches, however, will rely on the availability 

of high quality historical testing data. 

Large Language Models (LLMs) have been seen as 

potential solutions in software engineering. Fan et al. [3] 

provided a survey of LLMs used for different software 

engineering tasks, such as code generation, testing, 

debugging, documentation, etc. The study revealed 

significant potential for productivity improvements and 

noted issues with reliability, explainability, and 

hallucinated outputs. 

LLMs are now being employed to generate automated 

unit tests. Schäfer et al. [4] empirically demonstrated the 

success of using LLMs to create unit tests and concluded 

that such tests can provide reasonable code coverage and 

save manual effort. Tests generated, however, can be 

logical incorrect and frequently need human validation 

prior to deployment. 

ERP systems continue to play a significant role in 

enterprise operations management. QodeNext [5] talked 

about the role of ERP in optimising the business 

processes with various organizational functions, data 

visibility and better decision making abilities. However, 

ERP systems can be complex to implement, require 

customization, and have testing requirements. 

Manual testing is still popular because of its flexibility 

and the fact that it can be used to detect usability 

problems. Global App Testing [6] mentioned the benefits 

of manual testing such as intuition and exploratory 
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testing. Manual testing is, however, time consuming and 

labor intensive, and hard to scale for large enterprise 

systems. 

Likewise, SaiSuBha Tech Ltd. [7] have studied the 

advantages and disadvantages of manual testing. Their 

research highlighted that manual testing works well 

with user experience evaluation and exploratory 

scenarios, but has limited repeatability, inconsistencies 

and is more expensive in large scale projects. 

In many aspects, automated testing offers a number of 

benefits with regard to “efficiency” and 

“reproducibility”. Devzery [8] discussed some hidden 

issues with automated testing such as high cost of initial 

configuration, maintenance of automated testing, and 

requirement changes of the application rapidly. These 

constraints indicate that automation solutions may not 

be able to completely solve testing issues. 

Melo and Freire [9] researched the factors that hinder 

using automated software testing. They identified issues 

for implementation such as costs, lack of expertise, 

organizational resistance and tool support. The findings 

emphasize that intelligent testing solutions must be as 

simple and as beneficial as possible to the use of 

automation. 

The combination of Cloud of Things (CoT) and IoT 

platforms have added to the testing challenges. Fadziso 

et al. [10] explored strategies for IoT-cloud integration 

and highlighted the need for interoperability, scalability 

and system validation in real time. Based on their work, 

they believe that current testing methods might not be 

adequate for high degrees of interconnectedness in 

cloud-based environments. The following traditional 

models are presented in Table 1, the limitations of the 

Traditional Models. 

Table 1: Limitations of Traditional Models 

Autho

rs & 

Year 

Research 

Area 

Methodology/A

pproach 

Key 

Findings 

Limitations 

Dos 

Santos 

et al. 

(2020) 

Requirem

ents 

Testing 

Systematic 

Literature 

Review 

Identifies 

major 

requireme

nts testing 

approache

s and 

practices 

Focuses on 

traditional 

testing 

methods 

without AI 

integration 

Pan et 

al. 

(2022) 

Test Case 

Selection 

& 

Prioritiza

Machine 

Learning-based 

testing review 

ML 

improves 

testing 

efficiency 

Requires 

large 

historical 

datasets and 

tion and fault 

detection 

quality 

training 

data 

Fan et 

al. 

(2023) 

LLMs in 

Software 

Engineeri

ng 

Comprehensive 

survey 

LLMs 

enhance 

software 

developm

ent and 

testing 

tasks 

Reliability, 

explainabilit

y, and 

hallucinatio

n concerns 

remain 

Schäfer 

et al. 

(2023) 

Automat

ed Unit 

Test 

Generatio

n 

Empirical 

evaluation of 

LLM-generated 

tests 

LLMs 

reduce 

manual 

effort and 

improve 

coverage 

Generated 

tests require 

human 

validation 

and review 

QodeN

ext 

(2023) 

ERP 

Operatio

ns 

Manage

ment 

Industrial case 

analysis 

ERP 

improves 

operationa

l efficiency 

and 

integration 

Does not 

address 

intelligent 

testing 

mechanisms 

Global 

App 

Testin

g 

Manual 

Testing 

Industry analysis Manual 

testing 

identifies 

usability 

and 

explorator

y issues 

Time-consu

ming, 

labor-intens

ive, and 

difficult to 

scale 

SaiSuB

ha 

Tech 

Ltd. 

(2023) 

Manual 

Testing 

Comparative 

analysis 

Effective 

for 

explorator

y testing 

and user 

experience 

evaluation 

Lack of 

repeatabilit

y and 

higher 

operational 

costs 

Devzer

y 

Automat

ed 

Testing 

Industry review Automate

d testing 

improves 

efficiency 

and 

consistenc

y 

High 

maintenanc

e costs and 

setup 

complexity 

Melo & 

Freire 

(2022) 

Automat

ed 

Testing 

Adoption 

Principal 

Component 

Analysis 

Identifies 

organizati

onal and 

technical 

adoption 

barriers 

Limited 

focus on 

AI-driven 

testing 

solutions 

Fadzis

o et al. 

(2018) 

IoT and 

Cloud 

Testing 

Cloud of Things 

framework 

Highlights 

scalability 

and 

interopera

bility 

challenges 

Limited 

discussion 

on 

automated 

intelligent 

testing 

methods 
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3. METHODOLOGY 

Proposed Generative AI–Based Test Case Synthesis 

Framework for Oracle ERP Release Validation is an 

automated framework that generates, evaluates and 

prioritizes Oracle ERP release test cases. Oracle ERP 

systems are continually updated with functional 

enhancements, security updates and business process 

changes. Each release takes considerable time and effort 

to come up with a manual test design. The framework 

aims to tackle this challenge by leveraging Generative 

Artificial Intelligence (GenAI) and Large Language 

Models (LLMs) to automatically generate high-quality 

test cases based on release artifacts.  

 

A. Data Collection 

These sources contain domain knowledge about the 

function of the system, business flow and failures 

encountered in the past. All the collected data will be the 

knowledge base of the AI framework.  

 

B. Data Pre-processing 

Collected documents frequently have multiple entries, 

extraneous text, and various formatting styles. As a 

result, data is pre-processed to enhance the data quality. 

The phase comprises of tokenization, normalization, 

stop-word removal, duplicate elimination and feature 

extraction. The processed requirements are converted to 

semantic vector representation which allows for 

similarity based analysis.  

The similarity between current requirements and 

historical requirements is computed using cosine 

similarity: 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑅𝑖, 𝑅𝑗) =
𝑅𝑖 ⋅ 𝑅𝑗

∥ 𝑅𝑖 ∥×∥ 𝑅𝑗 ∥
 

where: 

• 𝑅𝑖= Current requirement vector  

• 𝑅𝑗= Historical requirement vector  

• ∥ 𝑅𝑖 ∥, ∥ 𝑅𝑗 ∥= Vector magnitudes  

The higher the similarity the greater the relationship 

between the present requirement and the previously 

validated functionalities.  

 

C. Requirement Analysis 

After pre-processing, requirements can be analysed in 

terms of the functional modules, validation rules, 

workflow dependencies and business constraints. The 

requirements are converted into prompts that can be 

understood and followed by the Large Language 

Models.  

An estimate is made of the probability of picking a good 

test case for a requirement, using Bayes' Theorem: 

𝑃(𝑇 ∣ 𝑅) =
𝑃(𝑅 ∣ 𝑇) × 𝑃(𝑇)

𝑃(𝑅)
 

where: 

• 𝑇= Generated test case  

• 𝑅= Requirement  

• 𝑃(𝑇 ∣ 𝑅)= Probability of selecting test case 𝑇for 

requirement 𝑅 

This probability helps the framework know which 

Oracle ERP functions are most relevant to test cases.  

 

D. Generative AI-Based Test Case Synthesis 

The structured requirements are given to the Generative 

AI model as prompts. Multiple test sets are 

automatically generated in the model—functional tests, 

regression tests, boundary-value tests, exception tests, 

and negative test scenarios. The test cases that are 

generated include the execution steps, conditions for the 

inputs, expected output, and validation checks.  

Precision, Recall and F1-Score are used to evaluate the 

quality of test cases generated. 

Precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

F1-Score: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

where: 

• TP = True Positive test cases  

• FP = False Positive test cases  

• FN = False Negative test cases  

These metrics assess the accuracy, comprehensiveness, 

and efficiency of AI-generated test cases.  

 

E. Risk-Based Test Case Prioritization 

Thousands of test cases can be generated by Oracle ERP 

releases. It is difficult to run all the test cases because of 

time and resources. Hence the framework utilizes a 

“risk-based prioritization” approach which pinpoints 

the most important test cases to be executed.  

The risk score equals: 

𝑅𝑖𝑠𝑘𝑆𝑐𝑜𝑟𝑒 = 𝛼𝐶 + 𝛽𝐼 + 𝛾𝐷 
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where: 

• 𝐶= Change Complexity  

• 𝐼= Business Impact  

• 𝐷= Historical Defect Density  

• 𝛼, 𝛽, 𝛾= Weight coefficients  

The higher the risk score, the higher the priority of the 

test case to be executed in regression testing.  

 

F. Test Coverage Evaluation 

The test suite generated is used to validate Oracle ERP 

functionalities in a comprehensive manner by measuring 

the test coverage metrics. The percentage of 

requirements covered by the test cases that are generated 

is termed as coverage.  

Coverage is computed as: 

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒(%) =
𝑁𝑡

𝑁𝑟

× 100 

where: 

• 𝑁𝑡= Number of requirements tested  

• 𝑁𝑟= Total number of requirements  

Higher coverage values reflect higher level of validation 

of Oracle ERP release functions.  

 

G. Framework Effectiveness Assessment 

A overall effectiveness score combines coverage and test 

generation quality metrics to evaluate the overall 

effectiveness of the proposed framework. This gives a 

full picture of the performance of the framework.  

Test Effectiveness (TE) is defined as: 

𝑇𝐸 =
𝑊1(𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒) +𝑊2(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) +𝑊3(𝑅𝑒𝑐𝑎𝑙𝑙)

𝑊1 +𝑊2 +𝑊3

 

where: 

• 𝑇𝐸= Test Effectiveness  

• 𝑊1,𝑊2,𝑊3= Weight coefficients 

 

4. RESULTS AND DISCUSSIONS 

The proposed Generative AI–Based Test Case 

Synthesis (GAI-TCS) framework was tested with the 

existing software testing methods such as Manual 

Testing, Machine Learning–Based Testing, 

ChatGPT–Based Test Generation, and LLM–TestGen. 

The evaluation was conducted on fundamental metrics 

including test coverage, precision, recall, F1-score and 

test execution time. The proposed framework was 

evaluated using a representative Oracle ERP release 

validation data set and the results analyzed to assess the 

effectiveness of the proposed framework. 

The first experiment compared the test coverage 

of various testing methods. Test coverage is one of the 

most important metrics as it defines the proportion of 

the system requirements met during the test. The 

proposed GAI-TCS framework outperformed the other 

techniques in terms of coverage, as seen in Fig. 1, with 

the highest coverage of 95%, followed by Manual Testing 

(68%), Machine Learning-Based Testing (75%), 

ChatGPT-Based Testing (82%), and finally, 

LLM-TestGen (88%). The results show that the proposed 

framework is successful in the synthesis of various test 

cases that can validate a significant amount of Oracle 

ERP functionalities. 

 
Fig. 1. Test Coverage Comparison among Existing and 

Proposed Approaches 

The precision of generated test cases was 

assessed to find out whether the generated test cases are 

relevant and accurate. The more precise, the less 

irrelevant or incorrect test cases. The proposed model 

has a precision value of 0.94, as shown in Fig. 2, which is 

much higher than the comparison models. This 

improvement is a result of using historical Oracle ERP 

test repositories and contextual requirement analysis 

when generating tests. 

 
Fig. 2. Precision Comparison of Different Test Case 

Generation Methods 
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To measure the framework's ability of 

generating all relevant test cases associated with a 

requirement, recall was used. A high recall value means 

that the tests generated are very comprehensive. The 

recall value of the proposed GAI-TCS model was higher 

than the baseline methods as shown in figure 3. The 

outcome shows that the framework effectively 

incorporates the key test scenarios and minimises the 

chance of defects being missed during Oracle ERP 

release validation. 

 
Fig. 3. Recall Comparison of Existing and Proposed 

Models 

F1-score is a measure of both precision and 

recall. The proposed framework outperformed the other 

frameworks with the highest F1-score of 0.935 as 

illustrated in Fig. 4. The improvement in both precision 

and recall shows that the proposed model can generate 

accurate and comprehensive test cases. The current 

methods had lower scores because they did not cover all 

the requirements and there was inaccuracy in the 

generation. 

 
Fig. 4. F1-Score Comparison for Test Case Generation 

Approaches 

In addition to effectiveness, another measure of 

the efficiency of the testing was test execution time. In 

Oracle ERP environments, it's important to consider 

execution efficiency as it often needs to be validated 

quickly. For example, the testing time for the proposed 

framework was reduced by 140 minutes and 180 minutes 

to 45 minutes as compared to Manual Testing and 

Machine Learning Based Testing (see figure 5). The time 

saved in execution demonstrates the value of Generative 

AI to automate testing generation and prioritization and 

to validate releases faster. 

 
Fig. 5. Test Execution Time Comparison of Different 

Testing Approaches 

The outcome of the overall experiments 

indicates that the proposed GAI-TCS framework is 

always better and better than the available approaches in 

each of the used metrics. Generative AI's ability to 

combine requirement analysis and risk-based 

prioritization helps to generate very relevant test cases 

while still covering a lot of requirements. Furthermore, 

the significant reduction in effort and the processing 

time to test, makes the framework suitable for large-scale 

Oracle ERP release validation environments. 

The results indicate that Generative AI has the 

potential to be a key asset in contemporary enterprise 

software testing, as it can enhance test quality, speed up 

release cycles, and minimize manual involvement. Thus 

the proposed approach is effective to automate the 

regression testing of Oracle ERP and improve the 

software quality assurance process. 

 

5. CONCLUSION 

This paper presented a Generative AI–Based 

Test Case Synthesis Framework for Oracle ERP Release 

Validation to address the challenges associated with 

manual test case creation and regression testing. The 

proposed framework leverages LLM, Semantic 

Requirement Analysis, and Risk Based Prioritization to 
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automatically extract meaningful and effective test cases 

for Oracle ERP releases. 

Experimental results showed that the proposed 

approach has better performance in terms of test 

coverage, precision, recall, F1-score, and reduces overall 

execution time of tests. The framework is able to produce 

high-quality test cases by using this historical test 

repository and context information of the requirements, 

which can be used to validate complex Oracle ERP 

functionalities. In addition, the risk-based prioritization 

feature allows testing resources to be utilized efficiently 

– by prioritizing critical business functions and high-risk 

areas. 

The results show that Generative AI can make a 

substantial contribution to enterprise software testing by 

increasing automation, decreasing testing efforts and 

speeding up release cycles. The proposed framework 

offers a scalable and practical solution for Oracle ERP 

release validation and also plays a role in the increasing 

application of AI tools in software quality assurance 

(SQA). 

Future research could involve incorporating real-time 

Oracle ERP change analytics, more sophisticated 

reinforcement learning algorithms, and adaptive 

feedback systems for further enhancing the accuracy of 

test generation and testing efficiency within large-scale 

enterprise settings. 
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