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Abstract 

Software testing and quality assurance processes are facing major obstacles with the 

high complexity of modern software systems. Software Development Engineers in Test 

(SDETs) are responsible for designing, automating tests, identifying defects, and 

validating quality to ensure software reliability. But traditional testing methodologies 

usually take a lot of manual labour and fail to catch up with rapid software iteration 

cycles. Recently, specifically from Large Language Models (LLMs), new possibilities 

arise to optimize important aspects of software testing processes by capitalizing on what 

AI has to offer in terms of automation and decision support capabilities.This paper 

investigates from the perspective of AI-Augmented Software Development Engineers in 

Test (SDETs), on how Large Language Models can facilitate intelligent testing and defect 

triaging. This paper summarizes the possible applicability of LLMs in test case 

generation, automated test script creation, requirements analysis, documentation 

generation and defect classification/prioritization. The study also explores how LLMs can 

be utilized in failure analysis, root-cause identification, and bug resolution workflows 

within software quality engineering environments.The analysis elucidates some of the 

probable advantages offered by AI-assisted testing as follows: increased productivity, 

reduced testing effort, improved defect management and faster delivery of software. In 

parallel, some challenges like model hallucination, security issues, reliability issues and 

ethical consideration are explained. We compare traditional SDET practices with AI-

Augmented approaches to illustrate the transformational effects of generative frameworks 

on quality assurance of software.Results indicate that AI-Augmented SDETs might have 

significant potential in shaping the future of software engineering. Hence it is known to 

yield optimal testing process as well as software quality in addition faster development 

cycles by fusing human capabilities with smart language models. Finally, the paper 

highlights future research directions in autonomous testing systems, self-healing test 

automation and explainable-AI driven quality engineering.. 

 

Keywords: Artificial Intelligence, Large Language Models, Software Testing, SDET, 
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1. Introduction 

The need for high-quality software has made its way as an indispensable aspect in our 

world of modern day software engineering, where the organizations are majorly 

depending on digital technologies and services built above complex layers of ever 

evolving softwares. The increasing size, complexity and functionality of software systems 

has made it difficult to ensure their reliability, security and performance. Software testing 

is one of the key activities that software development lifecycle facilitates for an 

organization to detect defects, validate requirements and deliver high quality software 

products. 

Over the years, Software Development Engineers in Test (SDETs) have also played a 

huge role where writing of test strategies, development of automated test scripts, 
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execution of tests cases, analysis and failure debugging and collaborating with dev teams 

to improve quality is concerned. Movement of the SDET role has been bustling since 

decades featuring activities from manual testing to high level of automation into testing 

frameworks continue towards continuous quality engineering practices. Even with the 

good progression in automated testing, there are still various tasks that need a lot of 

manual effort, significant domain knowledge and require lengthy analysis. 

The demand for efficient and scalable testing solutions has skyrocketed due to the sudden 

rise in adoption of Agile methodologies, DevOps practices, and Continuous 

Integration/Continuous Deployment (CI/CD) pipelines. It is a fast-paced world out there 

and modern software development environments demand shorter release cycles, readily 

available validation and quick defect resolution. As a result, organizations are looking for 

creative ways to increase testing efficiency without compromising on software quality. 

Abstract: Advances in Artificial Intelligence (AI) have opened up new vistas for 

revolutionizing software testing. Of these advances, the most significant are Large 

Language Models (LLMs) which enable sophisticated and scalable understanding / 

generation of human-like text output such as code artifacts and tool assistance in multiple 

engineering activities. Models like GPT, PaLM, LLaMA and other transformer-based 

architecture has shown great performance in natural language understanding, code 

generation, documentation generating and problem-solving tasks. Overall, these 

capabilities make LLMs especially applicable to software testing and quality assurance 

efforts. 

The rest of this paper is organized as follows. Section 2 describes the basics and 

development of AI-Augmented SDETs. Applications of Large Language Models info 

Software Testing: Section3 4 Intelligent Defect Triage Using LLMs Benefits and 

Challenges of AI-Assisted Testing in Section 5. Section 6 compares the traditional and 

AI-augmented SDET approaches. Section 7 describes the future research directions and 

Section 8 concludes this study. 

2. Background of AI-Augmented SDET 

Software quality assurance has changed enormously in recent decades. In the era of 

software testing, testers were mainly required to execute test cases, document results and 

report defects manually as a part of their manual testing process. With that being said, 

manual testing is certainly not a bad thing as they are crucial to exploratory and usability 

testing but with the size of software systems getting bigger and more complex we need to 

be able to test faster and at scale. Out of this necessity came Automated testing 

Framework and the new role called Software Development Engineer in Test (SDET). 

An SDET (Software Development Engineer in Test) uses their software development and 

testing knowledge to design, develop, and maintain automated testing solutions. SDETs 

are different from traditional testers, as they get involved in many software development 

activities like creation of test framework, automation script development, integrating 

testing tools into the development pipeline to ensure that quality remains at all stages of 

the software lifecycle. They can be involved in test planning, automation development, 

performance testing, defect analysis and working closely with developers and product 

teams. 
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A more expanded role of SDETs has originated from the adoption of agile development 

methodologies in conjunction with devOps practices. In the present scenario, modern 

software organizations are more dependent on CI/CD (Continuous Integration and 

Continuous Deployment) pipelines where these changes to the software solution are 

automatically validated prior to deployment. In such setup, SDETs balancing the test 

suites automation, keeping track of software quality metrics and helping teams to thrive 

towards speedy releases. Even though the field of automation technologies has made huge 

strides, most testing activities still need considerable involvement from humans. 

Lot of Challenges still exist in modern software testing environment. Creating test cases 

usually requires thorough analysis of requirements and system behavior. In defect triage, 

engineers interpret the information contained in bug reports and must decide their severity 

levels, root causes and assign ownership to the right teams. Test script maintenance, 

failure analysis, and management of a huge number of test assets can also take up 

significant time and effort. Such challenges have led researchers and practitioners to 

leverage artificial intelligence to improve the effectiveness of software testing. 

Artificial Intelligence draws immediate attention in every software engineering field for 

its ability to process large volumes of data, detect patterns, and enhance decision making 

intelligently. Defect prediction, test case prioritization and software analytics are some of 

the areas where we have successfully applied machine learning techniques. Yet, with the 

recent developments of Large Language Models (LLMs) we are entering into a whole 

new era for leveraging AI in software quality engineering. 

Large Language Models: Deep neural network architectures trained on large amounts of 

text and code data. These models are based on transformer-based learning mechanisms 

which enable them to learn from context — generating accurate responses, summarizing 

information and performing logical reasoning applications. They are well-suited for 

testing-related tasks due to their ability to read natural language requirements and 

software artifacts. LLMs are capable of analyzing requirements documents, generating 

test scenarios, writing automation scripts, reviewing code and recommending defect 

resolutions. 

This new role, namely AI-Augmented SDET, has resulted from such intelligent 

capabilities as augmented to the traditional testing.[iii] Instead of replacing human testers, 

AI systems act as collaborative assistants that help increase the productivity and 

efficiency of SDETs. This model posits that human experience will always play an 

indispensable role in domains that require strategic decision-making, domain knowledge 
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and validation of outputs generated by LLMs while delineating the lane for what LLMs 

can do best — automate repetitive and knowledge-intensive tasks. 

A basic AI-Augmented SDET setup is usually composed of a few different pieces that 

interact with each other. Requirement analysis modules use LLMs to be able to 

automatically extract testing requirements and generate test scenarios. Test generation 

systems, from functional specifications, generate test cases and automation scripts. Smart 

defect triage systems process bug reports and classify the issues according to their 

severity and business impact. AI-enabled analytics tools also help find testing patterns, 

more accurately predicting what could go wrong and suggesting steps needed to fix them. 

This natural progression towards AI-Augmented SDETs is just part of a bigger trend that 

whipping the broader software engineering field, with intelligent automation driven by 

augmented decision-making. More organizations are understanding the merits of blending 

human skills with sophisticated AI technologies that support improving software quality 

results. As LLM capabilities evolve, the domain of their role will likely further broaden in 

future software testing with more independence, adaptiveness and efficiency. 

Thus, for anybody who wants to apply AI into the domain of software quality engineering 

— both researchers and practitioners need to study the fundamentals, functions and 

consequences of AI-Augmented SDETs. In the upcoming section, we will delve deeper 

into how Large Language Models fit in as a specific part of the software testing 

environments and what value they provide for an intelligent quality assurance. 

 

3. Applications of Large Language Models in Software Testing 

The emergence of Large Language Models (LLMs) has significantly influenced software 

engineering practices by introducing new possibilities for intelligent automation and 

decision support. Due to their ability to understand natural language, analyze source code, 

and generate context-aware outputs, LLMs have become valuable tools for software 

testing and quality assurance activities. Their integration into testing workflows enables 

Software Development Engineers in Test (SDETs) to improve efficiency, reduce manual 

effort, and enhance software quality throughout the development lifecycle. 
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3.1 Requirement Analysis and Test Scenario Generation 

One of the most critical stages of software testing involves understanding system 

requirements and transforming them into comprehensive test scenarios. Traditionally, this 

process requires testers to manually analyze requirement documents and identify 

functional and non-functional testing conditions. Such activities can be time-consuming 

and susceptible to human oversight. 

LLMs can assist by automatically interpreting requirement specifications and generating 

corresponding test scenarios. By processing user stories, business requirements, and 

technical documentation, language models can identify expected system behaviors, 

boundary conditions, exception cases, and user interactions. This capability helps testers 

achieve broader test coverage while reducing the effort required for manual test planning. 

Furthermore, AI-assisted requirement analysis can help identify ambiguities, 

inconsistencies, and missing specifications before software development progresses, 

thereby improving overall software quality and reducing future testing costs. 

3.2 Automated Test Case Generation 

Test case generation is another area where LLMs demonstrate considerable value. 

Developing comprehensive test cases manually often requires extensive domain 

knowledge and significant engineering effort. LLMs can analyze requirements, source 

code, and existing testing artifacts to automatically generate meaningful test cases 

covering multiple execution scenarios. 

Generated test cases may include: 

• Functional test cases 

• Boundary value tests 

• Negative test cases 

• Integration testing scenarios 

• Regression testing cases 

• User acceptance testing scenarios 

Automated generation enables organizations to create larger and more diverse test suites 

while maintaining consistency across testing activities. This capability is particularly 

valuable in Agile and DevOps environments where frequent software changes require 

rapid test development and execution. 

3.3 Test Automation Script Development 

Automation scripting is a core responsibility of modern SDETs. Creating and maintaining 

automation scripts for frameworks such as Selenium, Cypress, Playwright, Appium, and 

JUnit requires programming expertise and ongoing maintenance efforts. 

Large Language Models can assist in generating automation scripts directly from natural 

language descriptions or testing requirements. By analyzing intended test behaviors, 

LLMs can produce executable scripts in various programming languages and testing 

frameworks. This capability accelerates automation development and allows quality 

engineers to focus on validating test logic rather than writing repetitive code. 

In addition to generating new scripts, LLMs can support script maintenance by identifying 

outdated elements, suggesting code improvements, and updating automation scripts in 

response to application changes. 
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3.4 Test Data Generation 

Effective software testing requires realistic and diverse test datasets. Generating such data 

manually can be challenging, particularly when testing complex enterprise applications 

involving numerous input combinations and business rules. 

LLMs can support intelligent test data generation by producing synthetic datasets that 

satisfy specified constraints and testing objectives. Generated datasets can represent 

normal operational conditions, edge cases, and error scenarios. AI-driven data generation 

improves testing completeness while minimizing dependence on production data, thereby 

supporting privacy and compliance requirements. 

Furthermore, test data generation capabilities can help organizations simulate rare or 

difficult-to-reproduce scenarios that may otherwise remain untested. 

3.5 Code Review and Quality Validation 

Software quality assurance extends beyond traditional testing activities. Reviewing source 

code for potential defects, security vulnerabilities, and maintainability concerns is equally 

important for ensuring reliable software systems. 

Large Language Models can assist developers and testers by analyzing source code and 

identifying potential issues before deployment. These systems can detect coding 

inconsistencies, suggest best practices, identify security weaknesses, and recommend 

improvements that enhance software maintainability. 

By integrating AI-assisted code review into development pipelines, organizations can 

identify quality issues earlier in the software lifecycle, reducing downstream testing and 

maintenance efforts. 

3.6 Regression Testing Support 

Regression testing ensures that newly introduced changes do not negatively impact 

existing functionality. As software systems evolve, regression test suites often become 

increasingly large and resource-intensive. 

LLMs can contribute to regression testing by analyzing code modifications and 

identifying the most relevant test cases for execution. Intelligent test selection helps 

optimize testing resources and reduce execution times without compromising quality 

assurance objectives. 

Additionally, AI systems can recommend new regression test cases based on recently 

modified functionalities, improving test coverage while minimizing redundant testing 

activities. 

3.7 Test Documentation and Knowledge Management 

Maintaining comprehensive testing documentation is essential for effective quality 

assurance. However, creating and updating documentation manually can be labor-

intensive, particularly in large-scale projects. 

LLMs can automatically generate and update various forms of testing documentation, 

including: 

• Test plans 

• Test case descriptions 

• Execution reports 

• Defect summaries 

• User acceptance testing reports 

• Quality metrics documentation 
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Automated documentation generation improves consistency and ensures that project 

stakeholders have access to accurate and up-to-date information throughout the software 

development lifecycle. 

3.8 Continuous Testing and DevOps Integration 

Modern software organizations increasingly adopt DevOps practices to accelerate 

software delivery and improve collaboration between development and operations teams. 

Continuous testing has become a critical component of these environments, requiring 

automated validation throughout the deployment pipeline. 

Large Language Models can enhance continuous testing by monitoring testing outcomes, 

interpreting failure logs, recommending corrective actions, and supporting automated 

quality gate decisions. AI-powered testing assistants can continuously analyze project 

artifacts and provide real-time recommendations that improve software quality and 

deployment confidence. 

As organizations continue their digital transformation initiatives, the integration of LLMs 

into DevOps workflows is expected to become increasingly important. These technologies 

offer significant opportunities for improving testing efficiency, accelerating release 

cycles, and enabling intelligent quality engineering practices. 

Overall, Large Language Models are transforming software testing from a largely manual 

and reactive activity into a more intelligent, proactive, and automated discipline. Their 

ability to support requirement analysis, test generation, automation development, 

documentation, and continuous testing positions them as powerful tools within the 

emerging AI-Augmented SDET ecosystem. 

4. Intelligent Defect Triage Using LLMs 

Defect management is one of the most important activities in software quality assurance 

because it directly influences software reliability, maintainability, and user satisfaction. 

As software systems become increasingly complex, organizations generate large volumes 

of defect reports throughout the development lifecycle. Managing these defects 

effectively requires accurate classification, prioritization, assignment, investigation, and 

resolution. Traditional defect triage processes often rely heavily on human expertise and 

manual analysis, making them time-consuming and susceptible to inconsistencies. The 

emergence of Large Language Models (LLMs) offers new opportunities to improve defect 

triage through intelligent automation and data-driven decision support. 

4.1 Understanding Defect Triage 

Defect triage refers to the systematic process of evaluating software defects and 

determining the appropriate actions required for resolution. A typical defect triage 

workflow involves several activities, including: 

• Defect identification 

• Severity assessment 

• Priority assignment 

• Root-cause investigation 

• Team allocation 

• Resolution tracking 

In many software projects, defect reports contain detailed textual descriptions, 

screenshots, logs, stack traces, and user feedback. Analyzing this information manually 

can be challenging, especially when large numbers of defects are reported simultaneously. 
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Consequently, organizations often experience delays in issue resolution, inefficient 

resource allocation, and inconsistent prioritization decisions. 

4.2 Automated Defect Classification 

One of the primary applications of LLMs in defect triage is automated defect 

classification. Large Language Models can analyze defect descriptions and categorize 

issues according to predefined classifications such as: 

• Functional defects 

• Performance issues 

• Security vulnerabilities 

• User interface defects 

• Integration failures 

• Database-related problems 

• Configuration issues 

By understanding the contextual meaning of defect reports, LLMs can accurately classify 

incidents and reduce the manual effort required from quality engineers. Automated 

classification also improves consistency across projects and helps organizations maintain 

standardized defect management processes. 

4.3 Intelligent Severity and Priority Assessment 

Determining the severity and priority of software defects is essential for effective resource 

management and release planning. Traditionally, these decisions depend on expert 

judgment, which may vary among individuals and teams. 

Large Language Models can assist by evaluating defect descriptions, system impact, 

affected functionalities, and historical defect patterns. Based on this analysis, AI systems 

can recommend severity levels such as critical, high, medium, or low. Similarly, they can 

suggest priority rankings according to business impact, customer significance, and 

operational risks. 

Intelligent prioritization enables development teams to focus on the most critical issues 

first, reducing business disruptions and improving software reliability. 

4.4 Root Cause Analysis and Failure Investigation 

Root cause analysis is often one of the most difficult aspects of software defect 

management. Engineers must analyze logs, code changes, execution traces, and testing 

results to identify the underlying factors responsible for failures. 

LLMs can significantly accelerate this process by examining various software artifacts 

and identifying potential causes of defects. By correlating information from bug reports, 

source code repositories, testing logs, and historical incidents, AI systems can generate 

probable root-cause explanations and recommend investigation paths. 

For example, an LLM may recognize recurring failure patterns associated with database 

connection issues, API integration errors, memory leaks, or configuration inconsistencies. 

Such insights help engineers resolve issues more quickly and reduce troubleshooting 

efforts. 

4.5 Automated Defect Assignment 

Assigning defects to the most appropriate development team or engineer is another 

important component of defect triage. Incorrect assignments can lead to delays, increased 

workload, and reduced productivity. 
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Large Language Models can analyze defect characteristics and compare them with 

historical project data to identify the most suitable personnel or teams for issue resolution. 

Factors considered may include: 

• Component ownership 

• Technical expertise 

• Previous defect resolution history 

• Team workload 

• Application modules affected 

Automated assignment mechanisms improve workflow efficiency and ensure that defects 

reach the appropriate stakeholders in a timely manner. 

4.6 Knowledge Extraction from Historical Defects 

Many organizations maintain extensive repositories of historical defect reports and 

resolution records. These repositories contain valuable knowledge that can support future 

defect management activities. However, extracting meaningful insights from large 

collections of defect data is often difficult. 

LLMs can process historical defect databases and identify recurring patterns, common 

failure mechanisms, frequently affected components, and successful resolution strategies. 

This capability allows organizations to build intelligent knowledge bases that support 

future defect investigations and decision-making processes. 

Furthermore, AI-powered knowledge extraction promotes organizational learning by 

preserving expertise and making historical experiences accessible to testing and 

development teams. 

4.7 Predictive Defect Analysis 

Beyond reactive defect management, LLMs also enable predictive quality engineering 

approaches. By analyzing software requirements, code changes, testing outcomes, and 

historical defect trends, AI systems can identify components that are likely to experience 

future failures. 

Predictive defect analysis supports proactive quality assurance by helping teams focus 

testing efforts on high-risk areas before defects reach production environments. Such 

capabilities contribute to improved software reliability and reduced maintenance costs. 

4.8 Challenges in AI-Driven Defect Triage 

Despite their considerable advantages, LLM-based defect triage systems face several 

challenges. AI-generated recommendations may occasionally be inaccurate due to 

incomplete information, ambiguous defect descriptions, or limitations in model reasoning 

capabilities. Additionally, organizations must address concerns related to data privacy, 

security, transparency, and model explainability. 

The quality of AI-assisted triage outcomes also depends heavily on the availability of 

high-quality training data and historical defect repositories. Therefore, human oversight 

remains essential to validate AI-generated recommendations and ensure reliable decision-

making. 

4.9 Impact on Software Quality Engineering 

The integration of Large Language Models into defect triage processes represents a 

significant advancement in software quality engineering. By automating classification, 

prioritization, assignment, and root-cause analysis activities, AI systems enable 

organizations to manage defects more efficiently and effectively. These capabilities 

reduce manual effort, accelerate issue resolution, and improve overall software quality 

outcomes. 
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As LLM technologies continue to evolve, intelligent defect triage is expected to become a 

fundamental component of AI-Augmented SDET environments. The combination of 

human expertise and AI-driven insights offers substantial potential for transforming 

software maintenance and quality assurance practices in modern software development 

organizations. 

5. Benefits and Challenges of AI-Augmented SDET Systems 

The adoption of Artificial Intelligence and Large Language Models within software 

testing environments has introduced significant opportunities for improving software 

quality engineering practices. AI-Augmented SDET systems combine human expertise 

with intelligent automation capabilities, enabling organizations to streamline testing 

activities, improve defect management, and accelerate software delivery. However, 

despite these advantages, several technical, operational, and ethical challenges must be 

addressed to ensure successful implementation. Understanding both the benefits and 

limitations of AI-assisted testing is essential for organizations seeking to leverage these 

emerging technologies effectively. 

5.1 Benefits of AI-Augmented SDET Systems 

Improved Testing Productivity 

One of the most significant benefits of AI-Augmented SDET systems is the substantial 

improvement in testing productivity. Traditional testing processes often require extensive 

manual effort for test design, test case creation, defect analysis, and documentation. Large 

Language Models can automate many of these repetitive tasks, allowing testing 

professionals to focus on strategic quality assurance activities. 

By generating test cases, automation scripts, and testing documentation automatically, AI 

systems reduce development time and increase the efficiency of testing operations. This 

productivity improvement is particularly valuable in Agile and DevOps environments 

where rapid software releases are essential. 

Faster Test Development 

Creating comprehensive test suites manually can be time-consuming and resource-

intensive. AI-powered systems accelerate this process by generating test scenarios directly 

from software requirements, user stories, and technical specifications. As a result, 

organizations can develop testing assets more rapidly and respond quickly to changing 

project requirements. 

Faster test development contributes to shorter development cycles and improved software 

delivery performance. 

Enhanced Defect Detection and Resolution 

Large Language Models assist in identifying potential software defects by analyzing 

requirements, source code, execution logs, and testing results. Their ability to recognize 

patterns and correlate information across multiple artifacts improves defect detection 

accuracy. 

Furthermore, AI-driven defect triage systems accelerate issue resolution by supporting 

defect classification, severity assessment, root-cause analysis, and assignment decisions. 

Faster defect resolution contributes directly to improved software quality and customer 

satisfaction. 

Increased Test Coverage 

Human testers may inadvertently overlook certain testing scenarios due to time 

constraints, limited domain knowledge, or project complexity. AI systems can 

systematically generate diverse test cases covering functional requirements, boundary 

conditions, negative scenarios, and exceptional situations. 

This broader test coverage increases the likelihood of identifying hidden defects before 

software deployment and helps ensure higher software reliability. 
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Improved Knowledge Management 

Software testing projects generate large volumes of documentation, defect reports, testing 

logs, and historical quality data. Managing this information effectively can be challenging 

for organizations. 

AI-powered systems can analyze, summarize, and organize testing knowledge 

automatically. Intelligent knowledge management improves information accessibility and 

supports better decision-making throughout the software development lifecycle. 

Support for Continuous Testing 

Modern software organizations increasingly rely on Continuous Integration and 

Continuous Deployment (CI/CD) practices. AI-Augmented SDET systems integrate 

effectively into these environments by supporting automated validation, intelligent 

monitoring, and real-time quality assessment. 

Continuous testing capabilities help organizations identify issues earlier, reduce 

deployment risks, and maintain consistent software quality across frequent releases. 

5.2 Challenges of AI-Augmented SDET Systems 

Model Hallucinations and Accuracy Issues 

Despite their advanced capabilities, Large Language Models may occasionally generate 

inaccurate, incomplete, or misleading outputs. This phenomenon, commonly referred to 

as hallucination, can affect test case generation, defect analysis, and recommendation 

systems. 

Incorrect AI-generated suggestions may lead to ineffective testing activities or flawed 

quality assurance decisions if not properly validated by human experts. 

Limited Contextual Understanding 

Although LLMs possess extensive general knowledge, they may lack sufficient 

understanding of organization-specific business rules, domain requirements, and 

proprietary software architectures. This limitation can reduce the effectiveness of AI-

generated testing artifacts in specialized application environments. 

Organizations must therefore supplement AI systems with domain-specific knowledge 

and human oversight. 

Data Privacy and Security Concerns 

Software testing often involves access to sensitive business information, customer data, 

proprietary source code, and confidential project documentation. The use of AI systems 

introduces concerns regarding data privacy, information leakage, and unauthorized access. 

Organizations must implement appropriate security controls, governance policies, and 

compliance mechanisms when deploying AI-assisted testing solutions. 

Explainability and Transparency Challenges 

Many advanced AI models operate as complex black-box systems whose decision-making 

processes are difficult to interpret. In software quality engineering, stakeholders often 

require clear explanations regarding defect classifications, severity assessments, and 

testing recommendations. 

Limited explainability may reduce trust in AI-generated outputs and hinder adoption 

within highly regulated industries. 

Dependency on Training Data Quality 

The effectiveness of AI-assisted testing depends heavily on the quality and diversity of 

training datasets. Incomplete, outdated, or biased data may negatively influence model 

performance and lead to inaccurate recommendations. 

Organizations must ensure that AI systems are trained using representative and high-

quality datasets to achieve reliable results. 
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Maintenance and Integration Complexity 

Integrating AI technologies into existing testing infrastructures may require significant 

technical effort. Organizations must address challenges related to tool compatibility, 

workflow integration, model maintenance, performance monitoring, and infrastructure 

scalability. 

These implementation requirements may increase initial deployment costs and demand 

specialized expertise. 

Ethical and Governance Considerations 

The increasing reliance on AI in software engineering raises important ethical questions 

concerning accountability, fairness, transparency, and responsible decision-making. 

Organizations must establish governance frameworks that define appropriate roles for 

human oversight and ensure that AI systems are used responsibly. 

Maintaining a balance between automation and human judgment is essential for 

preserving quality, accountability, and trust. 

5.3 Discussion 

The benefits of AI-Augmented SDET systems clearly demonstrate the transformative 

potential of Large Language Models within software quality engineering. Improved 

productivity, enhanced defect management, broader test coverage, and support for 

continuous testing provide substantial value to modern software organizations. However, 

challenges related to accuracy, explainability, security, and governance highlight the need 

for careful implementation strategies. 

Rather than replacing human testers, AI technologies should be viewed as collaborative 

tools that augment human expertise. The most effective quality assurance environments 

are likely to combine the analytical capabilities of AI systems with the experience, 

judgment, and domain knowledge of skilled testing professionals. Such collaboration can 

maximize the strengths of both human and artificial intelligence while minimizing 

associated risks. 

6. Comparative Analysis of Traditional SDET and AI-Augmented SDET 

Approaches 

The rapid advancement of Artificial Intelligence and Large Language Models has 

significantly influenced the responsibilities and workflows of Software Development 

Engineers in Test (SDETs). Traditional SDET practices primarily depend on human 

expertise for test planning, automation development, defect analysis, and quality 

assurance activities. In contrast, AI-Augmented SDET environments integrate intelligent 

systems that assist engineers in performing these tasks more efficiently and accurately. A 

comparative analysis of these two approaches provides valuable insights into the evolving 

role of software testing in modern development environments. 

6.1 Test Planning and Test Design 

In traditional testing environments, SDETs manually analyze requirements, identify test 

scenarios, and design comprehensive testing strategies. This process often requires 

extensive domain knowledge and considerable time investment. The quality of test design 

depends heavily on the experience and expertise of individual testers. 

AI-Augmented SDET systems enhance this process by utilizing Large Language Models 

to interpret requirements and generate test scenarios automatically. AI tools can identify 

functional requirements, edge cases, exception conditions, and potential risk areas more 

rapidly than manual approaches. Consequently, testing teams can achieve broader test 

coverage while reducing planning effort. 

6.2 Test Case and Automation Script Development 

Traditional automation development requires SDETs to manually create and maintain test 

scripts using programming languages and automation frameworks. As software systems 

evolve, script maintenance becomes increasingly complex and resource-intensive. 
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In AI-Augmented environments, LLMs assist by generating automation scripts from 

natural language descriptions or functional specifications. These systems can also suggest 

script improvements, identify obsolete code segments, and facilitate maintenance 

activities. As a result, organizations experience faster automation development cycles and 

improved productivity. 

6.3 Defect Identification and Analysis 

Traditional defect analysis relies heavily on human investigation of logs, test reports, 

application behavior, and source code. While experienced engineers can effectively 

diagnose issues, the process may become time-consuming when dealing with large-scale 

systems or extensive defect repositories. 

AI-Augmented SDET systems improve defect analysis by automatically examining defect 

reports, logs, and historical incident data. Large Language Models can identify recurring 

failure patterns, classify defects, recommend severity levels, and provide root-cause 

suggestions. This capability significantly reduces investigation time and supports more 

efficient defect resolution processes. 

6.4 Defect Triage and Assignment 

In conventional software projects, defect triage meetings often involve manual review and 

prioritization of reported issues. Decisions regarding severity, priority, and team 

assignments may vary depending on stakeholder perspectives and available information. 

AI-powered triage systems introduce greater consistency by analyzing defect 

characteristics and recommending prioritization strategies based on predefined criteria 

and historical project data. Automated assignment mechanisms ensure that issues are 

directed to the most appropriate teams or engineers, improving operational efficiency and 

reducing delays. 

6.5 Knowledge Management 

Traditional testing environments frequently encounter challenges related to knowledge 

retention and information sharing. Valuable insights gained during testing activities may 

remain undocumented or become inaccessible when personnel changes occur. 

AI-Augmented SDET systems support intelligent knowledge management by organizing 

defect repositories, generating documentation, summarizing testing results, and extracting 

lessons learned from historical data. These capabilities improve organizational learning 

and facilitate more informed decision-making. 

6.6 Continuous Testing and DevOps Integration 

Traditional testing approaches often struggle to keep pace with the rapid deployment 

cycles associated with Agile and DevOps methodologies. Manual testing activities may 

create bottlenecks that delay software releases. 

AI-Augmented testing environments are better aligned with continuous testing 

requirements. Intelligent systems can monitor development pipelines, generate test 

artifacts dynamically, analyze failures automatically, and provide real-time quality 

assessments. This integration supports faster release cycles while maintaining high 

software quality standards. 

6.7 Human Expertise versus Intelligent Assistance 

A common misconception is that AI technologies will replace software testing 

professionals. In reality, AI-Augmented SDET systems are designed to complement 

rather than replace human expertise. While AI excels at processing large volumes of 

information, identifying patterns, and automating repetitive tasks, human engineers 

provide critical thinking, domain understanding, creativity, and strategic decision-making 

capabilities. 

The most effective testing environments leverage the strengths of both human intelligence 

and artificial intelligence. SDETs remain responsible for validating AI-generated outputs, 

49



Journal of Advanced Research in Technology and Management Sciences Volume: 04 Issue: 02 

ISSN: 2582-3078 April-May 2022 Available online at: http://www.jartms.org 
 

defining testing objectives, interpreting business requirements, and ensuring that quality 

assurance activities align with organizational goals. 

7.Future Research Directions 

The use of Large Language Models in software testing and quality engineering is still a 

nascent field with substantial opportunity for active research and innovation. Adaptive 

Model Testing for Software Quality Assurance As organizations are increasingly adopting 

AI-enabled testing solutions, it is critical for both researchers and practitioners to take the 

next step toward new approaches that can improve the reliability, efficiency, and 

intelligence of software quality assurance processes. Multiple attractive, feasible research 

trajectories are projected to influence the development of AI-Augmented SDET schemes 

in the coming years. 

7.1 Autonomous Testing Systems 

One of the most important future trends is the development of autonomous testing 

systems that will be able to do completely testing with little human intervention. As such 

the AI- aided tools are mainly serving as intelligent assistants supplementing human 

testers. Hence future systems are capable of analyzing requirements, generating test cases, 

executing tests, evaluating the results, identifying defects autonomously and suggesting 

corrective actions. 

Improvements in reasoning abilities, combinatorial context awareness and mastery of 

software engineering topics may allow LLM powered testing agents to make more 

informed decisions along the software dev process. These systems can promise reduced 

testing effort and improved software quality figures of merit. 

7.2 Self-Healing Test Automation 

Keeping the automated test scripts up to date is still a big challenge in software testing. A 

simple change in UI, application workflow, or system configuration can lead to 

automation failures and the need for script updates. 

Self healing test automation frameworks which automatically detect changes and keeping 

the affected scripts up to date without manual interference, would be more common in 

future research. Leveraging contextual understanding together with control over the 

adaptive learning mechanisms of LLMs could lead to new types of automation systems 

that evolve alongside the software applications with no extra maintenance cost further 

stabilising testing. 

7.3 Explainable AI for Software Testing 

While Large Language Models are very capable in analytical skills, they can lack 

interpretability (for instance to understand the underlying reasons of their predictions). 

This opacity limits trust and adoption, particularly within high-stakes industries like 

healthcare, finance, and aerospace. 

Future research should explore Explainable Artificial Intelligence (XAI) methods that can 

produce transparent rationale behind suggestions made by AI-based systems. For 

example, to help engineers understand how they generated a specific test case, what 

defect was prioritized over what other defects, and why certain root-cause conclusions 

were reached, explainable testing systems could be used. The transparency will build trust 

in AI-based quality assurance approaches. 

7.4 Multi-Agent Testing Architectures 

Multi-agent systems must work collaboratively to solve complex tasks, so recent progress 

in AI research has highlighted the importance of specialization. These types of concepts 

can be used in a software testing environment as well. 

In coming years, AI-Augmented SDET platforms might be deployed as multiple 

intelligent agents separately handling distinct activities like requirement analysis, test 

generation, defect triage, security assessment and performance assessment. These agents 
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could communicate and work together using common quality assurance words in order to 

produce more complete and precise outcomes. 

7.5 Predictive Quality Engineering 

Traditional testing methods mostly concentrate on finding defects after the development 

of software artifacts. Future work may even focus on preventing quality loss- better 

quality engineering approaches which identify future risks before failures actually take 

place. 

AI systems may predict defect-prone components, estimate the reliability of software and 

suggest preventive actions by analyzing requirements, development activities, historical 

behaviors (defect patterns), and operational metrics. These predictions would help 

organizations fix quality problems earlier in the development lifecycle. 

7.6 Domain-Specific Testing Models 

Up until October, 2023 — most of the current state-of-the-art Large Language Models 

were built for general purpose use cases. Nonetheless, software testing is a domain that 

demands contextual knowledge as it not only requires software quality but also product or 

industry-based understanding of domains such as healthcare, finance, 

telecommunications, manufacturing, and cybersecurity. 

Future work can be done to build domain-based testing models by training datasets in the 

context of a specific industry. Such systems could yield more precise recommendations, 

broader context awareness and the same or higher efficacy in testing, all within a narrow 

application domain. 

 

 

7.7 Ethical Governance and Responsible AI 

Ethics as AI Takes on More Liability in Software Quality Assurance Processes 

Researchers will need to explore the models that involve fairness, accountability, 

transparency, privacy safeguarding and proactive AI use. 

They will also need governance mechanisms, including what level of human oversight is 

entitled, accountability structures such as the chain of command and compliance with 

laws or regulations impacting data use. As in the case of question generation (QG) 

systems and intelligent testing, responsible AI practices will be paramount to ensuring 

ongoing trust and validation. 

Conclusion 

Software quality assurance is gaining importance in recent times, where organizations are 

developing complex software systems to support critical business operations and digital 

services. Traditional testing strategies have worked well for years, but they often run into 

limitations associated with scale, speed, resource utilization, and increasingly complex 

software environments. With the arrival of Artificial Intelligence, especially Large 

Language Models (LLMs), we now have the potential for a paradigm shift in software 

testing and defect management processes.In this work, we investigate AI-Augmented 

Software Development Engineers in Test (SDETs) with a focus on the emerging role of 

Large Language Models for intelligent testing and defect triage. The analysis shows that 

LLMs can aid in performing several testing tasks also such as, requirement analysis, test 

case generation, automation script development, test data creation, documentation 

management, defect classification and prioritization and root-cause analysis. These 

functionalities assist testing teams with enhanced productivity, expanded test coverage, 

fast defect rectification and support predictive quality assurance practices.Moreover, the 

work emphasized that intelligent defect triage systems address a relevant problem in 

today software engineering. LLMs can classify defects, assign priorities, identify root 

causes and suggest corrective actions by using natural language understanding and 
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advanced analytical capabilities. These improvements combine to create a more efficient 

software maintenance process as well as improved software reliability. Yet, this promise 

faces several challenges. To realize the benefits of AI-assisted testing, there are challenges 

related to model accuracy, hallucinations, explainability, security, privacy concerns and 

data quality and governance that need to be navigated. Human intelligence still is equally 

significant in verifying the AI-generated outputs, making critical decisions and aligning 

with business goals. Analyzing the difference between traditional and AI-Augmented 

SDET Stuff shows a meaningful transition to intelligent quality Engineering. Traditional 

testing approaches depend heavily on human labour and expertise, whereas AI-based 

systems bring automation, scalability, and high-level analytics to optimize testing 

capabilities. Thus, the future in which intelligent AI systems are working alongside 

human testers for software quality assurance will be inevitable. Emergent Research 

Opportunities include Autonomous Testing framework Architecture, Self-Healing 

Automation Systems, Explainable AI-based Testing Platforms, Predictive Quality 

Engineering Models and Multi-Agent Testing Architectures. All of these could help shape 

software testing into a proactive, adaptive and very efficient field.To summarize, AI-

Augmented SDETs are an exciting advancement in the field of software quality 

engineering. The combination of human expertise and capabilities offered by Large 

Language Models (LLMs), can help bring software quality, faster release cycles, defect 

management and resilient software systems to organizations at scale. As AI technologies 

keep evolving, they will continue to be integrated into testing practices which are vital for 

the future of software development and quality assurance. 
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