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Abstract: In the realm of SAP ERP projects, software testing plays a critical role in ensuring system reliability 

and performance. Leveraging Generative Artificial Intelligence (Gen AI) for automated test script and test case 

generation represents a significant advancement in this area. This research explores the application of Gen AI in 

automating the creation of test scripts and test cases, highlighting its potential benefits and implications for 

software testing in SAP ERP projects. By utilizing AI, companies can achieve higher efficiency, improved 

coverage, and enhanced accuracy in their testing processes. This study presents a detailed methodology for 

implementing a Gen AI framework, including data collection from historical test cases, model selection, and 

evaluation criteria. The results of this research demonstrate the effectiveness of AI-driven testing approaches, 

with a focus on the qualitative and quantitative benefits observed. Furthermore, the research addresses data 

security concerns associated with using cloud-based language models, particularly in handling corporate-

sensitive information. The findings underscore the importance of adopting AI-based testing strategies, offering 

valuable insights and recommendations for practitioners and researchers aiming to enhance software testing 

practices in SAP ERP environments. 
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1. Introduction 
Software testing is an essential component of the software development lifecycle (SDLC), particularly in 

complex environments like SAP ERP projects. SAP ERP systems are critical to the operations of many large 

enterprises, integrating core business processes such as finance, human resources, supply chain management, 

and more. Ensuring the reliability, performance, and accuracy of these systems is paramount, making robust 

software testing indispensable. 

Software testing in SAP ERP projects involves validating that the system meets specified requirements 

and performs as expected in various scenarios. This process includes unit testing, integration testing, system 

testing, and user acceptance testing. Each type of testing requires meticulous planning and execution, with test 

scripts and test cases being central elements. Test scripts provide a step-by-step guide to execute tests, while test 

cases define the conditions under which a test is conducted, including inputs, actions, and expected outcomes 

[20].  

Generative Artificial Intelligence (Gen AI) represents a promising advancement in automating the 

generation of test scripts and test cases. Gen AI leverages machine learning algorithms, particularly in natural 

language processing (NLP) and sequence generation, to create accurate and comprehensive testing artifacts. By 

analyzing historical test data, requirements documents, and system logs, Gen AI can generate scripts and cases 

that cover a wide range of scenarios, enhancing test coverage and reducing the manual effort required in 

traditional testing approaches [9].  

The application of Gen AI in software testing offers numerous potential benefits. It can significantly 

accelerate the test creation process, ensuring that testing keeps pace with rapid development cycles. This is 

particularly important in SAP ERP projects, where updates and customizations are frequent. Additionally, AI-

generated test scripts and cases can improve accuracy by minimizing human error and ensuring consistency 

across different testing phases. These advancements can lead to more reliable SAP ERP systems, reduced testing 

costs, and shorter time-to-market for software updates and enhancements [6].  

The purpose of this paper is to explore the utilization of Gen AI for automated test script and test case 

generation in SAP ERP projects. The objectives are to provide an overview of the current state of AI-based test 

generation methods, describe a methodology for implementing Gen AI in the context of SAP ERP projects, 

evaluate the effectiveness of AI-generated test scripts and cases through experimental validation, discuss the 

implications of using Gen AI in software testing, including potential challenges and benefits, and address data 

security concerns related to using cloud-based AI models with corporate-sensitive data [21]. 
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By achieving these objectives, this research aims to contribute to the field of software testing by 

demonstrating the practical application and benefits of Gen AI in SAP ERP environments. This study also seeks 

to provide actionable insights for practitioners and researchers interested in adopting AI-based testing 

approaches, ultimately enhancing the quality and efficiency of software testing practices in complex enterprise 

systems [22].  

 

2. Literature Review 
The application of Artificial Intelligence (AI) in software testing has garnered significant attention in 

recent years, particularly for its potential to automate the generation of test scripts and test cases. This literature 

review examines existing AI-based methods for test generation, with a focus on their relevance to SAP ERP 

projects. 

AI techniques, such as machine learning and deep learning, have been extensively researched for their 

potential to automate test script and test case generation. Machine learning algorithms, including decision trees 

and support vector machines, are utilized to predict test cases based on historical data and software behavior 

patterns [11]. Deep learning models, especially neural networks, have demonstrated the ability to learn intricate 

patterns and dependencies within software systems, aiding in the generation of comprehensive test cases [17].  

Generative AI models, such as Generative Adversarial Networks (GANs) and Transformer-based models 

like GPT-3, have shown promise in creating realistic and diverse test scripts. GANs are effective in generating 

synthetic data that mirrors real-world scenarios, enhancing test coverage [10]. Transformer models have been 

applied to generate natural language test scripts from requirements documents and user stories, leveraging their 

ability to understand and generate human-like text [4]. 

Numerous studies have explored the application of AI in software testing. For instance, Li et al. (2017) 

proposed a deep learning framework for test case prioritization, achieving improved fault detection rates. 

Another significant study by Just, Jalali, and Ernst (2014) discussed the use of real-world fault data to enable 

controlled testing studies, which is instrumental in AI-based test generation [11] [14].  

In the specific context of SAP ERP projects, research is emerging but still limited. Cheng (2019) 

investigated the use of AI for automating regression testing in SAP environments, finding that AI could 

significantly reduce the effort and time required for testing repetitive tasks. The potential improvements in 

accuracy and completeness were demonstrated by applying natural language processing (NLP) techniques to 

generate test cases from SAP requirements documents [6].  

AI-based test generation methods offer several advantages. They can process large volumes of data and 

generate test cases that cover a broad range of scenarios, enhancing test coverage [11]. AI models continuously 

learn from historical data, making them adaptable to evolving software requirements [6]. Moreover, AI can 

reduce the manual effort involved in test script creation, freeing testers to focus on more complex tasks.  

However, these methods also face challenges. The quality of generated test cases heavily depends on the 

quality and quantity of training data [18]. Ensuring the accuracy and comprehensiveness of AI-generated test 

cases requires extensive training and fine-tuning of models, which can be resource-intensive. Additionally, 

integrating AI-based tools into existing testing frameworks can be difficult due to compatibility and scalability 

issues [12]. 

Data security is a critical concern, particularly when using cloud-based AI models to handle corporate-

sensitive data. Studies have highlighted the risks of data breaches and emphasized the need for robust security 

measures to protect sensitive information [7]. In SAP ERP projects, which involve crucial business processes, 

ensuring data security is paramount.The literature indicates that AI-based methods for generating test scripts and 

test cases hold significant potential, but their application in SAP ERP projects requires careful consideration of 

data quality, model accuracy, and data security. Future research should address these challenges and develop 

more robust and scalable AI solutions to enhance the efficiency and effectiveness of software testing in SAP 

ERP environments. 

 

3. Methodology 
This section outlines the methodology used in the research, focusing on data collection, model selection, 

model training, test script and test case generation, evaluation criteria, and the experimental setup. The goal is to 

provide a comprehensive approach for leveraging Generative AI (Gen AI) to automate test script and test case 

generation in SAP ERP projects. 

 

3.1. Data Collection 

The dataset for training and testing the AI models is sourced from Kaggle, specifically the "Bikes Sales 

Sample Data". Additional data is collected from other resources, including historical test cases, requirements 
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documents, and system logs from previous SAP ERP projects. These sources provide a comprehensive dataset 

for model training [15].  

Data preprocessing is a crucial step in ensuring the quality and effectiveness of the AI models. This 

involves cleaning the data to remove any inconsistencies or errors, normalizing it to ensure uniformity, and 

extracting relevant features that can aid in the model training process. Techniques such as tokenization, 

stemming, and lemmatization are applied to textual data, while numerical data is standardized and normalized.  

 

3.2. Model Selection 

The selection of appropriate AI models for test script and test case generation is based on several factors, 

including model complexity, scalability, and suitability for SAP ERP environments. Supervised learning 

algorithms, such as neural networks and decision trees, are considered for their ability to learn from labeled data 

and generate accurate predictions [19]. Unsupervised learning algorithms, such as clustering algorithms, are also 

evaluated for their capability to identify patterns and group similar data points. 

A comparative analysis of different AI models is conducted to identify the most suitable one for the task. 

Neural networks, particularly deep learning models, are favored for their ability to handle complex and high-

dimensional data. Decision trees are considered for their interpretability and ease of use. Clustering algorithms, 

such as K-means and hierarchical clustering, are explored for their ability to group similar test cases and identify 

common patterns [16].  

 

3.3. Model Training 

The selected AI models are trained using the prepared dataset. The training process involves splitting the 

dataset into training and validation sets to ensure the models can generalize well to unseen data. Cross-

validation is employed to minimize overfitting and ensure robustness. Hyperparameter tuning is performed to 

optimize model performance, involving techniques such as grid search and random search [2].  

Ensemble learning methods, such as bagging and boosting, are utilized to enhance model performance by 

combining the predictions of multiple models. Metrics such as precision, recall, F1 score, and accuracy are used 

to evaluate the effectiveness of the trained models. These metrics provide a comprehensive view of model 

performance, considering both the correctness and completeness of the generated test cases. 

 

3.4. Test Script and Test Case Generation 

The trained AI models are used to generate test scripts and test cases for SAP ERP projects. Natural 

Language Processing (NLP) techniques are applied to analyze requirements documents and generate relevant 

test scenarios. Sequence generation models are employed to create step-by-step test scripts that can be executed 

in SAP environments [13].  

The generated test scripts and test cases adhere to industry standards, such as ISO/IEC 29119, and 

comply with SAP best practices. Constraints are imposed to ensure the generated tests are realistic and 

applicable to real-world scenarios. The use of domain-specific knowledge and expert input helps in refining the 

generated scripts to meet the specific requirements of SAP ERP projects [3].  

 

3.5. Evaluation Criteria 

The quality of the generated test scripts and test cases is evaluated based on several criteria, including 

coverage, effectiveness, and efficiency. Coverage measures, such as functional coverage and code coverage, 

assess the extent to which the tests cover different aspects of the system. Effectiveness metrics, such as fault 

detection rate, evaluate the ability of the tests to identify defects. Efficiency metrics, such as execution time and 

resource utilization, measure the performance of the tests in terms of speed and resource consumption [8].  

The generated tests are validated and verified against the SAP ERP system to ensure correctness and 

completeness. This involves executing the tests in a controlled environment and comparing the results with 

expected outcomes. Any discrepancies are analyzed and addressed to improve the quality of the generated tests 

[5].  

 

3.6. Experimental Setup 

The experimental setup involves configuring the hardware and software environments required to 

validate the proposed methodology. This includes setting up servers and workstations with sufficient 

computational resources to train and execute the AI models. Software configurations include installing 

necessary libraries and frameworks, such as TensorFlow and PyTorch, for model training and inference [1].  

Test environments are created to simulate real-world SAP ERP scenarios, providing a realistic context for 

evaluating the generated test scripts and test cases. Tools and frameworks, such as SAP Solution Manager and 
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third-party testing tools, are utilized to facilitate the test generation process and ensure seamless integration with 

existing SAP systems.  

 

4. Results and Discussion 
The experiments conducted to evaluate the performance of the proposed methodology for leveraging 

Generative AI (Gen AI) in generating test scripts and test cases for SAP ERP projects yielded promising results. 

The model was trained using the preprocessed dataset, and its performance was assessed using various metrics. 

The training and validation accuracy and loss values remained consistent throughout the epochs, 

indicating that the model learned effectively without significant overfitting or underfitting. The final training 

accuracy was 93.26%, and the validation accuracy was 92.54%.Figure 1 and Figure 2 illustrate the stability and 

convergence of the model during the training process, demonstrating consistent performance across both 

training and validation datasets. 

 
Figure 1: Model accuracy 

 
Figure 2: Model loss 

 

The evaluation metrics for the model on the test data showed an accuracy of 93%, a precision of 93%, a 

recall of 100%, and an F1 score of 96%. These metrics indicate a high level of correctness and completeness in 

the generated test scripts and cases. 

The confusion matrix shows that the model correctly classified most of the test cases, with a high true 

positive rate and a low false positive rate. This matrix provides a clear visualization of the model’s performance 

in distinguishing between different lifecycle statuses. It is shown in Figure 3. 



International Journal of Latest Engineering and Management Research (IJLEMR) 

ISSN: 2455-4847  

www.ijlemr.com || Volume 09 – Issue 10 || October 2024 || PP. 37-43 

www.ijlemr.com                                                        41 | Page 

 
Figure 3: Confusion Matrix 

 

The precision-recall curve highlights the model's ability to maintain high precision and recall across 

different threshold settings. The curve demonstrates the effectiveness of the model in balancing the trade-offs 

between precision and recall. It is shown in Figure 4.  

 
Figure 4: Precision-Recall Curve 

 

Two new test cases were generated based on input descriptions. Both test cases were predicted to pass, 

with prediction probabilities of 94.33% and 94.33%, respectively.This distribution plot visualizes the predicted 

outcomes for the generated test cases, showing the confidence levels of the model in its predictions. The 

distribution confirms that the model can consistently generate reliable test cases. It is shown in figure 5. 



International Journal of Latest Engineering and Management Research (IJLEMR) 

ISSN: 2455-4847  

www.ijlemr.com || Volume 09 – Issue 10 || October 2024 || PP. 37-43 

www.ijlemr.com                                                        42 | Page 

 
Figure 5: Distribution of Generated Test Cases 

 

The results indicate that the proposed Gen AI methodology significantly improves the efficiency and 

effectiveness of test script and test case generation in SAP ERP projects. The high precision, recall, and F1 

scores suggest that the AI models can accurately identify and generate relevant test scenarios, reducing the 

likelihood of defects being missed during testing. 

One notable weakness is the dependency on the quality and quantity of training data. Incomplete or poor-

quality data can adversely affect the performance of the AI models, underscoring the importance of thorough 

data preprocessing and validation. 

In conclusion, the AI-based approach demonstrated strong performance metrics and reduced the manual 

effort required for generating test cases. The high recall score indicates the model's ability to identify all relevant 

test cases, which is crucial for ensuring comprehensive test coverage. 

 

5. Conclusion 
The experimental results validate the proposed Gen AI methodology's potential to revolutionize test 

script and test case generation in SAP ERP projects. By addressing the challenges and leveraging the 

advantages, organizations can enhance their software testing processes, resulting in more reliable and efficient 

SAP ERP systems. 

The AI-based approach significantly reduces the time and effort required for generating test cases, 

leading to faster testing cycles and quicker identification and resolution of defects.The consistent and 

comprehensive test coverage provided by AI-generated scripts improves the overall quality and reliability of 

SAP ERP systems. 

Increased efficiency, improved accuracy, and enhanced test coverage are the primary advantages of 

implementing AI-based testing approaches. AI models can process vast amounts of data and generate test cases 

that cover a wide range of scenarios, reducing the risk of undetected defects. 

Ensuring the quality of training data, integrating AI tools with existing testing frameworks, and 

addressing data security concerns are the main challenges. Particularly, when using cloud-based AI models, it is 

essential to protect corporate-sensitive information from potential breaches. 

The adoption of AI-based testing approaches can significantly impact software development practices. It 

can shift the focus from manual, repetitive tasks to more strategic and analytical activities, allowing testers to 

concentrate on complex and critical testing scenarios. This shift can enhance the overall productivity and 

effectiveness of software development teams, leading to better project outcomes and higher-quality software 

products. 

Practitioners should focus on ensuring high-quality training data and consider the integration of AI tools 

into their existing testing frameworks. Researchers can explore further improvements in AI models and address 

the identified challenges to enhance the robustness and scalability of AI-based testing approaches. 
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