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1. Abstract 

The rapid evolution of Artificial Intelligence (AI) technologies has significantly impacted various industrial sectors, 
transforming traditional practices into more efficient, intelligent processes. This research explores the adoption of AI within 
the Software Development Life Cycle (SDLC), aiming to enhance productivity, reduce errors, and improve overall software 
quality. By investigating AI integration at each stage of the SDLC—from requirements gathering to maintenance—this study 
aims to identify best practices, methodologies, and tools that can enable software teams to leverage AI effectively. The 
findings will be substantiated through a series of case studies and empirical analysis of existing AI implementations in 
software engineering, providing insights into the practical benefits and challenges faced during integration. Ultimately, this 
research strives to propose a comprehensive framework for successful AI adoption in SDLC, contributing to the advancement 
of software engineering practices in the digital age. 
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2. Introduction 

The increasing complexity of software projects demands innovative solutions to enhance efficiency and quality. AI 
technologies have emerged as a transformative force, offering capabilities that can revolutionize the SDLC. This research 
investigates the multifaceted roles of AI in each phase of the SDLC, such as requirement specification, design, 
implementation, testing, deployment, and maintenance. We aim to answer critical questions regarding how AI can optimize 
workflows, enhance decision-making, and improve collaboration among development teams. This study also addresses the 
challenges enterprises face when integrating AI solutions, emphasizing the need for continuous learning and adaptation.  
 
 

3. Literature Survey 
The existing literature highlights various applications of AI in software engineering, including automated testing, code 
generation, and defect prediction. Recent studies have demonstrated the effectiveness of AI algorithms in analysing 
historical data to predict project outcomes and recommend development practices. For instance, Natural Language 
Processing (NLP) techniques have been employed to derive requirements from user stories and documentation, facilitating 
a more accurate requirement gathering process. Additionally, machine learning models have shown promise in identifying 
code vulnerabilities and suggesting resolutions. However, gaps remain in understanding the holistic implementation of these 
technologies across the entire SDLC. This literature survey synthesizes current findings while identifying avenues for further 
research into comprehensive frameworks for AI integration. 
 
4. Methodology 

This research adopts a mixed-methods approach, combining qualitative and quantitative analyses to assess AI integration in 
the SDLC. We will conduct interviews with industry practitioners to gather insights on their experiences and challenges when 
adopting AI tools. Concurrently, we will perform case studies of organizations that have successfully implemented AI 
technologies in their development processes. This dual approach will facilitate the collection of both anecdotal evidence and 
empirical data, allowing for a robust analysis of AI’s impact. Key performance indicators (KPIs) will be established to measure 
outcomes such as reduction in development time, increase in code quality, and improvement in team collaboration. 

 
Figure: 1 – Steps to adopt AI intervention 
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5. Implementation 
The implementation phase of this research will involve the examination of selected AI tools tailored for various SDLC phases. 
For example, in requirement gathering, tools utilizing NLP will be integrated to analyze user feedback and extract 
requirements automatically. In the design phase, AI-driven design validation tools will be experimented with to enhance 
architectural decisions. During coding, machine learning-based code review tools that detect bugs and suggest 
improvements will be employed. For testing, automated testing frameworks leveraging AI will be introduced to reduce 
manual intervention and accelerate test execution. Each phase will be documented and analyzed iteratively, with feedback 
loops incorporated to refine the AI tools' effectiveness continuously. 
 

 
Figure: 2 – Adopting Threat Modelling 

 
 
6. Conclusion 
In conclusion, the integration of AI into software development life cycle models, particularly within threat modeling, 
represents a significant paradigm shift with both immense potential and inherent challenges. AI-driven threat modeling 
offers the promise of enhanced automation, scalability, and the ability to identify complex, subtle threats that might elude 
traditional manual processes. By leveraging machine learning, natural language processing, and other AI techniques, we can 
analyze vast amounts of data, predict potential vulnerabilities, and proactively mitigate risks throughout the software 
development lifecycle. Despite these challenges, the potential benefits of AI-driven threat modeling are undeniable. By 
addressing the challenges related to transparency, data security, and ethical considerations, we can unlock the full potential 
of AI to enhance software security. Future research should focus on developing more explainable AI models, robust defense 
mechanisms against adversarial attacks, and standardized frameworks for evaluating the effectiveness of AI-driven threat 
modeling tools. 
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