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Abstract  

Context: Rapidly growing software systems due to practices such as Agile, DevOps and 

Continuous Integration / Continuous Deployment (CI/CD) pipeline have increased the pressure 

for software testing. The conventional testing procedures fail to cope with efficiency and 

adaptability issues, along with the coverage issue. Over the past years, Large Language Models 

(LLMs) have gained significant attention as potential aids for many different types of software 

testing activities, including creating test cases, debugging and documenting test cases. 

Objective: This research empirically investigates how LLM-assisted testing tools are currently 

used and integrated into industrial software testing workflows, the challenges and limitations 

practitioners encounter in their use, practitioners' perceptions of their impact on software quality 

and the factors that influence adoption alongside practices that support their responsible 

implementation. Methodology: A mixed-method research approach has been adopted to collect 

quantitative and qualitative data through online survey and semi-structured interviews conducted 

from software practitioners. The collected data has been analysed to determine trends and 

patterns of practitioners' insight regarding the use of LLMs in software testing. Results: 

According to results, there is an increase in the use of LLM tools for software testing. Majority 

of practitioners have stated that their productivity, understanding of code and efficiency in 

testing have improved since they started using these tools. However, there are still numerous 

challenges associated with these tools, including concerns regarding their accuracy and 

reliability, the lack of contextual understanding and the difficulties associated with integrating 

LLM into existing processes. Results show that LLMs are primarily being used as 

complementary tools and that human validation is mandatory for acceptance of LLM output. 

Conclusion: There are significant benefits of LLM-assisted software testing for improving 

software development efficiency and quality. Successful adoption of LLMs will require hybrid 

workflows (human-AI), an organization’s readiness to accept change and clear implementation 
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strategies. Without overcoming current limitations, LLMs will not be used for reliable and 

effective results in real-world software testing situations. 
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1 Introduction 

The rapid acceleration in the development of software-intensive systems has dramatically 

transformed both the manner in which developers produce software and how quality 

assurance processes are achieved. The emergence of Agile development methodologies, 

DevOps principles and CI/CD processes have completely changed our approach to both 

developing software and providing quality assurance for it. Modern software applications 

are no longer monolithic entities or periodically released products but are instead 

represented by constantly changing, distributed and heavily interrelated systems that 

consist of micro services, APIs and cloud-based technologies (Bass et al., 2015; Humble 

and Farley, 2010).  

In past, software testing was viewed as an independent activity during SDLC, which 

mainly involved verifying the software with respect to the given specifications. Today, on 

the other hand software testing has evolved into an activity that is tightly integrated into 

software development and is thus in tune with changes in the code, frequent updates and 

the nature of present-day systems (Beck et al., 2001; Forsgren et al., 2018). Testing also 

serves an important purpose in making sure that the software operates properly in volatile 

environments. 

Although there have been some advances in the field of testing, the current state of testing 

approaches has shown significant drawbacks when dealing with the complexities of 

modern software applications. The process of manual testing is laborious and highly 

dependent on the expertise of testers, while rule-based automation is relatively inflexible 

and cannot effectively cope with frequent changes in the application under test (Myers et 

al., 2011). Furthermore, the exponential number of possible execution paths in distributed 

systems makes it impossible to cover all combinations, thus resulting in inadequate test 

coverage and increased defect rates (Bertolino, 2007). 

In recent years, development in AI have made a significant breakthrough in the field of 

software engineering. AI models and other types of LLMs can understand and generate 

source code and natural language text allowing them to be used in various domains of 

software development, including testing (Vaswani et al., 2017; Brown et al., 2020). While 

traditional testing tools are mostly rule-based and rigid, LLMs learn from large amounts of 
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data and are flexible enough to complete multiple complex tasks such as code writing, 

debugging and documentation generation (Chen et al., 2021). 

The inclusion of LLMs in software testing implies a significant step towards intelligent 

testing automation. In this regard, LLMs show their ability to create test cases based on 

natural language requirements, detect edge cases, provide test data, as well as facilitate 

debugging and failure analysis (Tufano et al., 2022; Schäfer et al., 2023). The capability of 

LLMs to connect human-readable specifications with executable assets makes them 

especially applicable in testing as the process requires both structured and unstructured 

data. Thus, the implementation of LLMs in software testing promises efficiency 

improvements in the field. 

There is an extensive range of research aimed at exploring the possibilities of implementing 

AI and, in particular, LLMs in software testing. As a relevant precedent to be considered, 

one can refer to a previous Master’s thesis performed at Lappeenranta–Lahti University of 

Technology (LUT) and entitled "AI or LLM Assisted Software Testing: A Mapping Study” 

(Al Amin, 2025). In its turn, this project uses the Systematic Mapping Study (SMS) method 

to present a systematic review of existing research on the topic (Al Amin, 2025). 

Furthermore, the work describes the possible applications of LLM-based testing, such as 

test case creation, test suite expansion, debugging and CI/CD integration, as well as critical 

challenges, including hallucinations, non-determinacy, irreproducibility and security 

issues. 

While the mapping study (Al Amin, 2025) reveals important information about the current 

state of research, it is mainly based on literature studies and experimental assessments. As 

such, it fails to take into account the complexity of industrial conditions. Majority of studies 

tend to focus on individual tasks or rely on benchmarking tests but they do not necessarily 

provide adequate representation of the practical implementation of testing techniques aided 

by LLMs (Hou et al., 2023). Therefore, there exists an evident gap between theory and 

practice and this is where this thesis aims to contribute. 

The current thesis builds upon the previous mapping study conducted at LUT of LLM in 

software testing by Al Amin, 2025 (Al Amin, 2025) and expands it to include an empirical 

analysis of the actual implementation of this technology in industrial settings. Unlike the 

previous work, which relied solely on systematic literature review methodology, this thesis 
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uses a mixed-method research design involving quantitative surveys and qualitative 

interviews. Therefore, the current study can be considered as an industrial extension and 

validation of the former one. 

This research, aimed at providing valuable insight for professionals working in the 

industry, focuses on examining aspects of the practical implementation of LLM-assisted 

testing, the level of its implementation and tangible gains and challenges faced by 

organizations. This research thesis investigates crucial aspects such as the role of tools 

within the context of CI/CD, the significance of human validation in AI-assisted 

procedures and the effects that LLMs have on developer productivity and quality of 

software. Empirical data suggests that while AI-assisted tools may increase productivity of 

developers, trustworthiness, precision and reliability issues continue to present major 

challenges to the implementation of LLM-assisted testing (Nijkamp et al., 2022; Sarkar et 

al., 2023). 

However, implementation of LLM-assisted testing is not merely about technical aspects 

and involves other important issues, namely those related to organizations and people. Such 

aspects as developer trust in AI outputs, the need for human validation of these outputs and 

readiness of organizations for implementing these technologies play a significant role in 

their successful implementation (Amershi et al., 2019). Ethical implications and risks 

associated with the use of AI, in turn, require special attention. 

This work posits that the increasing complexity of current software architectures, along 

with limitations inherent in classical testing procedures, necessitates a search for intelligent 

and adaptive solutions. LLMs offer an efficient and flexible tool to improve software 

testing by leveraging automation capabilities alongside context understanding and 

reasoning abilities. However, to effectively utilize their power it is necessary to evaluate 

their behaviour in realistic conditions. 

Therefore, this work contributes to the literature by providing an exhaustive empirical 

investigation of software testing with the help of LLMs in an industrial environment. By 

expanding upon and improving on the findings from the previous LUT mapping exercise, 

this research aims to bridge the existing knowledge-to-practice gap in this area. 
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1.1 Structure of the Thesis 

The remainder of this thesis is organized as follows: 

 Chapter 2 presents a review of relevant background and literature on software 

testing and LLM-assisted approaches.  

 Chapter 3 describes the research methodology, including data collection and 

analysis techniques.  

 Chapter 4 presents the results and analysis of the empirical study.  

 Chapter 5 discusses the findings in relation to existing research and practical 

implications.  

 Chapter 6 concludes the thesis, outlining key contributions, limitations and 

directions for future work. 
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2  Background and Literature Review 

Software testing is a fundamental step to ensure the quality, reliability and correctness of 

software systems throughout their lifecycle. Since software systems are large, complex and 

more critical than ever before, testing has gone from being just an ultimate validation step 

to being an ongoing and integrated component of software engineering. Currently software 

development is based on agile methodologies, DevOps practices and CI/CD testing. 

Moving to this model generate additional challenges consequently raising the need to use 

testing methods that are not only precise and comprehensive but also responsive, flexible, 

scalable and capable of dealing with rapidly increasing system complexity. 

In an overall sense, software testing consists of several different areas that measure quality 

levels in a system using various measures of the system's dimensions. Functional Testing 

measures whether the system behaves properly according to its specified requirements and 

produces valid outputs to given inputs. Non-Functional Testing measures the attributes of 

the system (e.g., performance, scalability, security, usability, reliability) that all play an 

important role in the production of the system and, in turn, the satisfaction of the end-user. 

Regression Testing is important to ensure that any changes made during the development 

of the software does not have a negative impact on any existing functionality, which can 

be especially challenging in a Continuous Delivery environment, where updates occur 

frequently. Unit Testing is used to verify that each of the individual components works 

correctly in isolation. Integration Testing is used to verify that the interactions between 

components are functioning correctly and that data is being communicated correctly 

between components. System Testing assesses the behaviour of the completely integrated 

system (Zhang et al., 2023; Nguyen et al., 2024). Lastly, User Acceptance Testing (UAT) 

helps to verify that the system is built to meet the requirements of the business and is 

appropriate for its intended use. 

Manual test designing, scripted automation and structured testing (i.e., test case) 

frameworks have been part of the traditional testing process for many years. With the 

arrival of Selenium for web automation, JUnit and TestNG for unit testing and different 

CI/CD (Continuous Integration/Continuous Delivery) platforms, there are now tools that 

allow companies to automate the execution of tests and include testing as part of their 

development pipeline (Humble and Farley, 2010; Copeland, 2004). Although these tools 
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have greatly improved efficiencies and repeatability, they do not remove the requirement 

for human judgement or expertise in completing the process of designing tests. Designing 

a test is an example of the type of work that requires a significant amount of cognitive 

effort and a good understanding of what the business/system needs, how the 

business/system works and how the business/system is likely to fail; hence as systems 

become more complex and with an increase in the speed at which they are developed, 

traditional methods of testing are becoming less suitable for testing today. 

2.1 Challenges in Traditional Testing 

After a long time spent on research and tool development, software testing still has many 

long-standing and well-known issues. One of the biggest issues is the maintenance of test 

suites. Many studies have shown that up to 80% of the effort required to test software 

throughout its entire lifetime is spent maintaining existing test suites (Leung and White, 

1989; Rothermel et al., 2004). When software changes due to new functionality, changes 

to interfaces or architecture, existing test cases can become obsolete or uncertain due to the 

changes; thus, continual maintenance becomes necessary. The increase in effort to 

maintain test suites also creates an increased risk of inconsistent testing results and 

decreased testing effectiveness. Aghajani et al. (2020) highlight the challenges of 

integrating ML into software engineering practices, which parallels the adoption barriers 

observed in LLM-assisted testing. 

Test case design remains one of the biggest barriers to effective testing, requiring a 

considerable amount of knowledge and creativity to create an effective test environment. 

Identifying relevant input scenarios, edge cases and potential failure modes depends 

primarily on the tester's level of experience and their knowledge of the domain being tested 

(Bertolino, 2007). Complex systems present additional challenges, as the tester must reason 

about how different components in the system interact with each other, as well as issues 

related to concurrency and domain-specific constraints. Because of the nature of designing 

test cases, it is often very difficult to predict every possible execution scenario during 

testing and gaps in test coverage often occur, leaving some defects undetected. 

Traditional testing solutions often struggle with testing complex, dynamic and distributed 

systems. Modern applications regularly leverage micros ervices, asynchronous 

communication and external dependencies: all of these increase the number of possible 
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executable paths through the system to be tested exponentially. Exhaustive testing of these 

types of systems is not possible and therefore testers must make use of heuristics and 

prioritization techniques to attempt to cover edge cases. Unfortunately, even these 

techniques do not always result in the tester adequately covering those critical edge cases. 

Another major limitation within traditional automation based on rule-set solutions is a lack 

of flexibility. Where a well-designed automated testing script can do an excellent job at 

executing a known scenario in an efficient manner, they tend to be quite fragile and will 

generally require manual modification each time there is a change to the application being 

tested. As a result, there is a lowered ability of the automated tests to adapt to the testing 

environment; in rapidly changing environments, this results in a diminished capability of 

the automated testing solution overall. In addition, the traditional tools tend not to have the 

ability to reason about the behaviour of the system at the semantic level; therefore, a 

traditional automation tool may have great difficulty in detecting subtle (or contextually 

dependent) defects. 

2.2 Prior Automation Approaches 

A number of different types of automated testing methods have been developed to help 

overcome these problems and improve the effectiveness of testing by reducing the need for 

manual labour and increasing the amount of testing being done. Model-based testing 

(MBT) has received considerable attention as a methodical way to generate tests using 

formal models, such as finite state machines or UML diagrams to define how the software 

system under test behaves at a high level while generating test cases for it (Utting and 

Legeard 2006). Model-based testing can provide structured test case design and 

documentation of coverage and traceability; however, the amount of effort that is needed 

to initially create and maintain models that are accurate can be overwhelming. In practice, 

finding and maintaining links between the models created and the software systems that 

change over time creates difficulties for most organizations to use model-based testing on 

a wide-scale basis. 

Search-based software testing (SBST) attempts to create test cases using optimization 

techniques that optimize one or more defined performance metrics (i.e., test case creation 

that maximizes the level of coverage in the code, or the likelihood of finding bugs, etc.) 

(Fraser and Arcuri 2013). Search-based software testing will explore many potential input 
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combinations that could theoretically create input test scenarios so that potentially useful 

test scenarios can be created when performing testing, but its utility can be limited based 

on many factors including the choice of performance metrics and how the performance 

metrics are configured which usually require significant amounts of both expert and 

domain specific knowledge. 

Combinatorial Testing is a technique for generating test cases from combinations of input 

parameters to ensure that all possible interactions among the input parameters are covered 

(Kuhn et al., 2023). This approach works well in providing coverage for configuration 

tests; however, it does not typically allow for additional tests to be added that represent 

complex logical dependencies or dynamic behaviours between parameters. 

Symbolic Execution is a valuable technique that allows for the systematic exploration of 

program paths through the use of symbolic reasoning (Cadar and Sen, 2013). It is beneficial 

for identifying edge cases and vulnerabilities however, symbolic execution suffers from 

scalability issues due to the path explosion problem, moreover it extremely difficult to 

handle complex constraints especially in larger scale systems. 

Mutation Testing provides an assessment of the ability of test suites to be effective by 

inserting “artificially” generated faults into the code and measuring the ability of the tests 

to detect those faults (Ammann and Offutt, 2017). Mutation testing is useful in evaluating 

the quality of the tests however, mutation testing is very costly in terms of computing 

resources and not practical to be used continuously in an industrial setting. 

Despite their contributions, these approaches share common limitations. They often require 

significant manual configuration, struggle to scale to large and heterogeneous systems and 

lack seamless integration with modern development workflows. As a result, their adoption 

in industry remains limited and the need for more flexible and intelligent testing solutions 

persists. 

2.3 The Emergence of LLMs in Software Engineering 

The arrival of Large Language Model has precipitated a paradigm shift in the field of 

software engineering. While previous generations of software engineering tools have relied 

on the use of formal models (i.e., rules that need to be defined in advance), LLMs are able 

to create representations of the code and natural language that has been learned from 
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immense quantities of varied data through training (Brown et al., 2020). As a result, they 

can produce generalizations from the language and code that they have been exposed to 

before, allowing them to generalize that knowledge to new tasks and complete them across 

different domains. 

In the field of software engineering, LLMs have been used in a variety of capacities (e.g., 

code generation, bug finding, documentation, refactoring) and have shown to be able to 

produce results that are at times indistinguishable from those of humans (Chen et al., 2024). 

Products such as GitHub Copilot have made these capabilities available to the masses and 

are being used to assist developers in real-time and, as a result, improve the productivity 

of developers (Ziegler et al., 2022). 

The fact that LLMs possess the ability to semantically understand both natural language 

and code is one of the primary benefits of using them. They are able to identify 

relationships between different pieces of code and code features (i.e., development intent, 

the expected output of a program) and produce context-aware results. This feature sets 

LLMs apart from traditional automation-type tools and provides opportunities for 

intelligent assistants to be used throughout the software lifecycle. 

2.4 LLM Applications in Software Testing 

Using LLMs for software testing is just another way to apply their functionality. Software 

testing consists of a mixture of structured artefacts such as code and test cases and also 

unstructured information such as requirements and documentation; therefore, software 

testing is an area where LLMs would work well. Scientists can use LLMs to produce test 

cases from natural language requirements, find gaps in their coverage of test cases and / or 

recommend test oracles. 

LLMs can also assist in producing test data since they understand domain constraints and 

therefore will produce meaningful inputs for tests. Additionally, LLMs will help to debug 

and conduct failure analysis by interpreting error messages and providing suggestions for 

potential fixes. Finally, LLMs can assist testing by maintaining test cases as code changes 

and providing a less manual approach to maintaining test cases. 

Another application for LLMs would be in producing test documentation and explanation. 

LLMs will produce human readable descriptions of test scenarios and therefore improve 
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transparency and knowledge transfer. Based on their capabilities, LLMs will serve as a 

multifaceted tool and provide both technical and cognitive capabilities in supporting 

software testing. 

2.5 Current Landscape of LLM-Assisted Testing Research 

In the recent past, many researchers have started looking at LLM effectiveness in a testing 

environment primarily around the creation of test cases. Significant amounts of research 

have shown the ability of LLMs to generate executable tests based upon code snippets or 

specifications, but the completion will vary based on both the amount of context related to 

the generated test case, how complex the code being tested is and how well that code is 

documented. Some have stated that in complex logic (Zohdinasab et al. 2023), or when 

dealing with requirements for particular domains (Nguyen et al., 2025), or poorly defined 

code, then the LLM performance suffers. 

When it comes to adequacy testing, it appears that LLMs created tests have missed critical 

edge cases and some failure modes (Zohdinasab et al. 2023). Additionally, with respect to 

maintaining a test suite, although LLMs are capable of assisting in an update to the tests, 

human oversight is ultimately required to confirm that the tests are still valid (Yuan et al. 

2023). Similar to IoT systems, LLM adoption in software testing introduces new process 

challenges that practitioners are still learning to manage (Fahmideh et al., 2021). 

While there have been a number of beneficial results from LLM work in this area there 

still remain several limitations. First, LLMs are known to generate "hallucinated" outputs, 

generating plausible, but invalid (false) test cases or assertions (Wang et al., 2023). In 

addition, the LLMs may struggle with limitations of context; their limited contextual 

capabilities: small levels of dependency between elements and the fact that those elements 

are not deterministic, or reproducible, means that context cannot be used for long term 

periods for generating consistent tests. Finally, the reproducibility of LLM-generated 

outputs cannot be assured; outputs will differ based on a given prompt string and, if 

applicable, how specific the input to a particular model was. 

2.6 Gap Between Research and Industrial Practice 

There is a significant gap between the methods of academic research and the methods of 

using LLMs for testing in the real world. Most research studies are performed under 
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researched conditions, based on an oversimplified dataset, which may not be a good 

representation of the complexity of real applications. Also, the majority of research studies 

focus on individual tests rather than comprehensive testing. 

On the other hand, testing in the professional world has diverse code bases, requirements 

based on the specific area of application and complex integration issues. Other aspects that 

organizations must consider include compatibility with existing workflows, team 

competency, overall costs and compliance with security/privacy laws. All of these points 

significantly impact adoption yet are often ignored in academic research. 

2.7 Empirical Insights from AI-Assisted Development 

Empirical research on the implementation of AI with developer usage patterns gives 

researchers insight into whether developers have adopted the use of AI within their 

workflows. Most developers indicate an increase in developer productivity when using AI-

development tools (e.g., AI Tools) for repetitive or menial work (Ziegler et al. 2022) but 

continue to be concerned about the quality of the software produced and the long-term 

implications of AI software produced.  

Barriers to the adoption of AI-development tools include but are not limited to a lack of 

established guidelines, security issues, lack of AI-skilled workers and reluctance of 

organizations to embrace advancements in technology (Fucci et al. 2020; Minku et al. 

2023).  

Therefore, trust is a key component of developers validating the outputs produced by AI 

as a viable option for implementing into their production/software development processes 

(Sarkar et al. 2023). 

2.8 Problem Statement 

While many advancements have been made, there is still an incomplete and fragmented 

understanding of how LLMs can help with software testing. Most current research into 

LLM-assisted software testing only covers isolated tasks in controlled testing 

environments, not capturing the full complexity of real-world industrial operations. 

Commonly overlooked aspects of LLM-assisted testing are: (1) integration of tools into 

workflows (2) team collaboration (3) tool compatibility and (4) organizational constraints. 
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LLM-assisted testing presents new and unique challenges, such as: (1) non-deterministic 

outputs (2) possible semantic inaccuracies within generated artifacts and (3) security, 

privacy and reliability concerns. All these limitations cause testers to potentially have a 

false sense of confidence in the results of their testing efforts ultimately limiting LLM-

assisted software testing’s overall adoption. Finally, there is no comprehensive empirical 

evidence to confirm whether organizations are using LLM-assisted software testing, how 

practitioners feel about it, the performance of LLM-assisted software testing in practice or 

the long-term sustainability of LLM-assisted software testing. Thus causing uncertainty for 

organizations about adopting any LLM-based solutions for software testing. 

2.9 Aim and Objectives 

This thesis, titled “An Empirical Study of LLM-Assisted Software Testing: A 

Practitioner’s Perspective” aims to provide a comprehensive analysis of how LLM-based 

testing tools are adopted, perceived and utilized in real-world software development 

environments. 

The primary objectives of this study are: 

 To describe the industry adoption landscape for testing tools based on LLMs.  

 To determine the perceptions of software practitioners regarding the effectiveness 

and practical advantages of using LLM-based testing tools.  

 To identify the constraints and challenges experienced when adopting LLM-

assisted testing frameworks and tools. 

 To evaluate user satisfaction and determine the various elements that have 

influenced adoption outcomes when utilizing LLM-based testing tools. 

 To ascertain the challenges for integration of testing solutions based on LLMs with 

existing workflows and CI/CD pipelines.  

 To present a summary of best practices and determine success factors for the 

effective implementation of LLM-assisted testing tools. 

2.10 Scope of the Study 

The objective of this research is to analyse LLM-assisted software testing in industrial 

settings with a focus on practical application as opposed to a controlled experimental 

environment. Multiple dimensions will be taken into consideration, such as technical 
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capabilities, organizational aspects and experiences of the practitioners. The research will 

look at patterns of adoption, effectiveness, integration challenges and criteria for selecting 

tools used for software testing. In addition, the research will also address some of the 

concerns related to the reliability and security of LLM technologies as well as any ethical 

issues that may arise in their use. However, the research will not attempt to develop any 

new LLM models or algorithms but will instead evaluate the existing tools and techniques 

utilized through an empirical approach. 

2.11 Motivation for this Study 

Previous systematic mapping research laid the foundations of understanding the available 

literature on the application of LLMs for software testing, as well as uncovering the claims 

that were made regarding the potential benefits and barriers of using this technology and 

its practical application. However, as any mapping study, this body of research relied 

entirely on reviewing the published literature on the topic, without validating the 

conclusions against the actual state-of-play within the industrial context. 

The current dissertation represents the empirical validation of the claims proposed in the 

previous systematic mapping study. It aims to examine how the claims are reflected in 

practice when applied to the process of conducting LLM-based testing in the software 

development field. Hence, through consideration of practical experience this study is able 

to move beyond the theoretical constructs discussed in the literature review into its 

practical application. 

This study provides an important link between secondary analysis and empirical data 

allowing both the academic and business communities to gain a more comprehensive 

understanding of the current state of testing using LLMs. 

  



14 

 

3 Research Methodology 

This research follows directly from a previous systematic mapping study (Al Amin, 2025) 

that mapped the state of research on LLM-based software testing by performing an 

extensive review of the existing academic literature. This mapping study revealed existing 

trends of using LLM tools, stated benefits and challenges. In doing so, it provided a 

theoretical framework to understand the current state of affairs regarding use of LLMs for 

software testing purposes. Nevertheless, previous mapping study and its conclusions were 

based only on secondary data without any empirical validation. Hence, its conclusions 

concerning the patterns of LLM use, benefits, workflow integration and organizational 

obstacles were largely speculative. This research seeks to fill this void by developing 

research hypotheses and testing them against the experience of software testers in industry. 

The present research uses a mixed-method approach combining survey and semi-structured 

interviews to investigate the use, perceived effectiveness and challenges faced by software 

testers using LLMs for automation of software tests within real-world industrial 

environments. The use of both quantitative and qualitative methodologies is due to the 

complexity of the Research Question (RQ) involving both the quantitative measurement 

(i.e., adoption rates; usage patterns; effectiveness metrics) and the qualitative 

understanding of the tester’s experience, workflow integration and organizational factors 

related to the use of LLMs to assist in software testing. The overall workflow of the 

methodology adopted in this research is shown in Figure 3.1. 

This study utilizes a convergent mixed-method conceptual framework to draw on past 

studies of IoT software engineering through both qualitative and quantitative 

methodologies (Fahmideh et al., 2021). The general framework for this project consists of 

three interrelated phases: Phase 1 seeks to define the background for the project by 

analysing findings from the earlier SMS to identify research voids and assist in defining 

the research questions. Phase 2 is a quantitative component that employs a web-based 

survey to obtain general patterns and trends regarding the experiences, responsibilities and 

uses of LLMs by software professionals and finally, Phase 3 employs semi-structured 

interviews to gain in-depth practitioner understanding of activities they are participating in 

regarding LLM usage as it relates to testing in their organizational environments. 
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Figure 3.1. Phases of Methodology 
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3.1 Understanding the Study Context 

This phase establishes the foundational context of the study by systematically analyzing 

existing knowledge and identifying the need for empirical investigation. It begins with a 

Prior SMS Foundation, drawing upon the LUT Master’s thesis “AI or LLM-Assisted 

Software Testing: A Mapping Study” (Al Amin, 2025), which synthesized current 

academic research on LLM-assisted software testing. Although the previous study has 

given a thorough account of where applications are used, their value and their difficulties, 

it is mainly based upon literature evidence and controlled experiment conditions. 

Consequently, this phase examines in-depth the established findings from the SMS to find 

discrepancies between academia and industry. In doing so, discussions with experts in the 

domain of practice are used to clarify the practical issues, issues with adopting new 

technology and organizational issues that limit the successful integration of these new 

applications within an organization by providing insight into examples of each issue. 

Finally, based on these two analyses, targeted research questions are developed as guidance 

for subsequent phases of data collection and analysis. 

3.1.1 Prior SMS Foundation  

The present study is based on a Prior SMS Foundation that was developed by a master’s 

Thesis at LUT University by Al Amin (2025). The preceding study adopted the SMS 

approach to identify state-of-the-art literature on the applications of AI and LLMs in 

software testing. As part of an SMS, the study analyzed various applications of LLMs for 

software testing, along with identifying trends in research and practice. 

From the SMS results, several areas of application of LLMs are clearly seen, such as 

automated generation of test cases, test suites optimization, bug detection and debugging 

using the AI tooling for CI/CD processes. Apart from that, the study revealed that LLMs 

can provide various benefits, such as better productivity, increased test coverage and less 

manual labor. At the same time, some challenges are also identified. These include such 

critical issues as LLM’ tendency toward hallucinations, lack of determinism in results, 

problems of reproducibility and potential security issues. 

Although the previous SMS offers a comprehensive overview of the state of research. Its 

conclusions are mainly based on the analysis of controlled experiments and published 
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literature. Consequently, the findings fail to address the practical implementation and 

perception of LLM-based testing systems in industrial conditions. For instance, issues 

related to organizational readiness, integration into business processes, trust among 

practitioners and usability are insufficiently investigated. 

For this reason, the current research employs the previous SMS as the theoretical 

background and the basis for identifying the research gap. In order to determine the 

necessity of conducting an empirical study, the limitations of existing literature have been 

carefully analyzed. This thesis represents a continuation of the previous research by 

investigating a number of questions that require further exploration. Thus, the SMS has 

significantly influenced the research design process and guided the creation of surveys and 

interviews. 

3.1.2 Identifying Research Gaps 

This study explores and identifies the significant research gaps in LLM-based software 

testing. While the SMS provides an overview of the many studies conducted in this area, 

an analysis of these works provides several areas of deficiency that would benefit from 

empirical studies. 

Most of the existing literature focused on controlled lab experiments, benchmarking 

datasets and small sample case studies as supporting evidence for the justification of LLM-

based testing (Hou et al., 2023, Zohdinasab et al., 2024). Hence, they do not provide an 

accurate representation of the complexity, size and variability among industry systems; 

therefore, little is known regarding the performance level of the techniques used during the 

actual software development process. 

Second, the majority of existing literature analyzes technical capabilities such as creating 

test cases, finding bugs and automating testing rather than the practical factors that affect 

adopting LLM tools. For example, key elements of LLM-assisted testing like having an 

organization prepared for adoption, integrating with existing CI/CD processes and 

collaborating with the development and test teams have been studied but lack detail 

(Amershi et al., 2019). These types of variables have important implications for whether 

organizations can effectively implement LLM-assisted testing. 
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In addition, while current literature includes some views and experiences of practitioners, 

it has not provided sufficient understanding of how developers and testers feel about and 

use LLM-assisted testing tools (Sarkar et al., 2023; Ziegler et al., 2022; Fucci et al., 2020). 

Developers' and testers' perception of, trust in and interactions with LLM-testing tools, is 

also a very valuable indicator of their success as LLM-testing tools. For example, many 

developers and testers often express uncertainty around the reliability, correctness and 

trustworthiness of LLM output; however, few empirical research studies exist that can 

provide evidence to substantiate these assertions (Sarkar et al., 2023; Wang et al., 2023; 

Hou et al., 2023). 

Moreover, there has been limited research conducted around the challenges and limitations 

of using LLMs in practice. The systematic literature review discussed earlier indicated 

several challenges associated with identifying LLMs, including hallucination, non-

determinism and security risks; however, again, there is a lack of empirical studies that 

describe how frequently these challenges are encountered in practice and how practitioners 

address them. This means that there is a disconnect between theoretical issues and the 

practical implications they will have. 

There is also a lack of understanding regarding the different factors that influence the level 

of adoption of LLM-assisted testing across different organizations. These may include 

organization size, complexity of projects, requirements of the domain and resources 

available to organizations. However, there has been limited exploration of how these 

variables affect the decision to adopt or not to adopt LLM-assisted testing. 

To fill the above discussed gaps, this research uses an empirical, mixed-method approach 

that includes both quantitative and qualitative data from practitioners in the industry. By 

combining both approaches to better understand trends in the industry along with 

practitioners’ experiences, this research works to create a more holistic and contextual 

understanding of LLM-assisted software testing. The gaps discovered from the above 

discussed literature review has been used to develop research questions and to assist in the 

development of the data collection instruments used in this research. 

3.1.3 Discussion with Experts 

To substantiate the identified research gaps and confirm their significance within the 

context of both academic and practical contexts, we contacted domain experts - namely, 
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university lecturers in the fields of software engineering, software testing and AI - for the 

purpose of further developing and strengthening the direction of this research study and 

verifying the premise of the earlier SMS. The experts reviewed the significant outcomes 

of the previous SMS study and the initial gaps established during the context-analysis 

stage. Through this process, we received valuable feedback regarding the relevance of the 

previously identified gaps (e.g., the absence of empirical evidence in industrial 

environments; a poor understanding of practitioners' perspectives; and the under-

exploration of the difficulties associated with integrating LLM tools into "real world" 

testing processes) and the experts confirmed that although there has been significant 

progress in demonstrating the technical capability of LLM-assisted testing through 

academic research, there remains a distinct need for research that examines the 

use/impact/efficacy of LLM-assisted testing within practical settings. 

The discussions further clarified the purpose of the study while emphasizing the need to 

collect quantitative data and qualitative data in one place. The experts pointed out that to 

really understand the impact of LLM-assisted testing, it was necessary to consider issues 

of practitioner trust, the usability of tools and the characteristics of the organizations using 

them. The experts provided input to assist in clarifying and aligning the original proposed 

research questions with current events and requirement of the practitioners. This process 

validated the suitability of the identified research gap and increases support for this study. 

Accordingly, this project is based on both literature and expert knowledge which will create 

a greater degree of academic credibility and reliability. 

3.1.4 Specifying Research Questions  

This study is structured around a series of clearly defined research questions that provide 

a basis for meeting the study's main goal through evaluating both the extent to which LLMs 

have been adopted, the ways in which they are used in practice, the challenges associated 

with their use, how their quality is perceived to have impacted software quality and what 

factors may affect the effectiveness and responsible use of LLM-assisted software testing. 

These research questions have been formulated based on the knowledge that LLM-assisted 

software testing is a rapidly changing field in which the technological capabilities of LLMs, 

the expectations of practitioners and the practices of organizations are continuously 

evolving. To understand the impact of LLMs on industries, we establish a systematic 
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programme for researchers to collect quantitative data that indicates trends as well as 

qualitative data that describes LLMs implementation through practitioner experience. This 

study used a mixed-method approach, so the research questions align well thus allowing 

integration of quantified breadth and qualified depth in data analysis. 

The study addresses the following research questions: 

RQ1: How are LLM tools currently used and integrated into software testing 

workflows in industry? 

Rational: The purpose of this question is to evaluate the real-life use case of LLM tools as 

they are utilized by various software testing organizations. In addition, defining common 

use case scenarios (e.g., test generation, debugging, code understanding and documentation 

support) the research will investigate the methods for which such tools have been 

integrated into current usage workflows (i.e., how they interface with existing coding 

processes, testing frameworks and automation processes). Finally, the goal of this research 

project is to gain insight into how organizations are using LLM tools and where they fit 

into their regular testing activities. 

RQ2: What challenges and limitations do practitioners face when using LLM-assisted 

testing? 

Rational: The aim of this question is to find out what obstacles prevent users from 

successfully using LLM tools. It includes many types of obstacles, such as technical issues 

(e.g., outputs that are not correct) and organizational/human factors (e.g., issues with 

integrating LLM tools into existing systems, lack of skilled users, lack of trust). The goal 

of this study is to identify these obstacles in order to provide an accurate assessment of the 

limits that are currently preventing users from widely and effectively using them. 

RQ3: How do practitioners perceive the impact of LLM-assisted testing on software 

quality? 

Rational: The third question looks at how practitioners view the influence of LLM tools 

on software quality. More specifically, it will look at whether or not those LLMs improve 

test coverage, defect identification, testing efficiency and overall reliability of test 

processes. Additionally, the question considers how much help these tools are in providing 

practitioners with a better understanding of system behaviour and providing/assisting in 
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identifying complicated or ignored scenarios. This question provides a broad capture of 

practitioner perceptions regarding both the potential benefits provided by LLMs, as well 

as any concerns related to quality assurance. 

RQ4: What factors influence the adoption of these tools and what practices support 

their responsible use? 

Rational: This question focuses on LLM adoption in organisations (in general) and the 

factors that can facilitate or hinder their use. These include characteristics of the 

organisation, costs, development methods used and individuals' level of knowledge. 

Additionally, it provides examples of best practices in order to ensure LLM tools are used 

responsibly and effectively. This would include, for instance, the use of human oversight, 

validation mechanisms and structure for integrating tools into work processes. 

These research questions provide a framework for identifying the conditions in which 

LLM-assisted testing can be successful and provide reliable outcomes from multiple 

perspectives of analysis. This will help to provide a basis for understanding current 

practices and challenges as well as to provide valuable information for determining future 

directions for AI-based testing methods. 

3.2 Data Collection by Surveys  

A web-based survey was chosen to maximize accessibility and ease of collecting survey 

responses from participants across distances, thereby achieving efficiency. The survey link 

was made available via an array of channels: LinkedIn groups representing various 

professions, online technical communities such as Stack Overflow and Reddit and public 

forums dedicated to programming/software engineering (e.g., forums and local meetups). 

Direct outreach also occurred through the use of email to communicate with organizations 

or teams that have had prior experience working with LLM-assisted tools/software-testing 

applications. 

To obtain adequate data for the identification of patterns and subgroup analyses, a target 

sample size of between 70 and 80 respondents was selected. In this domain, this sample 

size range will be sufficient in regard to the goals of exploratory empirical research while 

also balancing analytical requirements against the constraints on the availability of 

respondents. 
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3.2.1 Designing Survey Questionnaire 

A comprehensive survey tool was built to collect accurate quantitative data regarding the 

adoption of LLMs in testing practices, purposes of use when incorporating LLMs into 

testing, how effective those tools are perceived to be by end users of testing services and 

obstacles to the implementation of LLMs in testing. The resulting data from the survey 

instrument provides answers to the social research questions posed by the researchers and 

uses existing literature related to both software testing and AI-assisted software 

engineering. 

The structure of the survey instrument used in this study is presented in table 3.1. The 

questionnaire included five major segments. The first included the demographic data and 

characteristics of organizations as follows: the role that the participant holds, their level of 

expertise, the size of their organization, the type of industry they represent and where they 

are located. This data provided context for the analysis of the other sections. The second 

section dealt with adoption of LLMs by practitioners. It presented data on what types of 

LLM tools participants are using, how long they have been using them, how often they can 

access them and how well or poorly these tools have been integrated into their current 

development processes. 

The third section looked at how practitioners use LLM tools in the practical sense. For 

example, do practitioners use LLMs for the generation of test cases, the maintenance of 

test cases, the debugging of software and/or for the analysis of defects? The fourth section 

of the questionnaire evaluated how practitioners think their use of LLM testing tools has 

improved their productivity, quality of output and value received from LLM testing tools. 

Lastly, the fifth section looked at challenges and barriers faced by practitioners in order to 

use LLM tools which included but were not limited to: technical limitations, organizational 

limitations and/or concerns about LLM tools relating to reliability, trust and skills needed 

to use LLM tools. 

In order to maximize both data quality and participant’s engagement, multiple types of 

questions were utilized in the survey. For evaluating attitudes, levels of satisfaction and 

perceived impact, Likert-scale items were used; for the efficient collection of categorized 

data, multiple choice questions were used; for the collection of qualitative data, open-ended 

questions were utilized enabling participants to provide additional detail about their 

experiences and for ranking their challenges and what features they wanted to see 
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developed further, ranking questions were also used. By using a combination of question 

types, both a rigorous quantitative and qualitative analysis of the data collected could be 

performed. 

 

Table 3.1. Structure of the Survey Instrument 

Section Focus Area Purpose / Description Example Questions 

Section 1 - 

Consent 

Ethical 

participation 

Ensures voluntary 

participation and data 

privacy compliance 

Q1: Consent to 

participate 

Section 2 - 

Demographic 

Information 

Participant 

background 

Captures respondent role, 

experience, industry and 

organization size 

Q2–Q9: Role, 

experience, sector, 

methodology, testing 

involvement 

Section 3 - 

Use of LLM 

in Software 

Testing (RQ1) 

Adoption and 

usage patterns 

Identifies how LLM tools 

are used and integrated into 

testing workflows 

Q10–Q17: Tool 

usage, integration, 

productivity, 

coverage 

Section 4 - 

Challenges 

and 

Limitations 

(RQ2) 

Barriers and 

constraints 

Explores technical, 

organizational and skill-

related challenges 

Q18–Q34: Trust, 

accuracy, privacy, 

integration, prompt 

engineering 

Section 5 - 

Impact on 

Software 

Quality (RQ3) 

Effectiveness and 

outcomes 

Evaluates perceived impact 

of LLM on quality, 

coverage and efficiency 

Q27–Q32: Quality 

improvement, bug 

detection, manual 

effort reduction 

Section 6 - 

Adoption and 

Responsible 

Use (RQ4) 

Organizational 

practices 

Examines policies, training 

and responsible AI use 

Q33–Q37: 

Guidelines, oversight, 

ethical use 
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Section 7 - 

Interview 

Invitation 

Qualitative 

follow-up 

Invites participants for 

deeper insights through 

interviews 

Q38–Q39: 

Willingness to 

participate, contact 

details 

 

3.2.2 Conducting Pilot Survey 

Prior to the main data collection phase, a pilot survey was developed to examine the clarity, 

relevance and effectiveness of the questionnaire. The aim of this pilot investigation is to 

alleviate ambiguity related to the question(s) in the survey and to determine how long it 

takes to complete the pilot survey, as well as whether the survey instrument used matches 

with the research objective. To that end, a sample of participants was selected from the 

target population and their input is analyzed for any survey question that may have been 

difficult to interpret or confusing or redundant. Based upon responses received during the 

pilot study, minor changes were made to improve wording, structure and logical 

progression of the questions. 

The iterative validation process completed during the pilot phase enhanced the reliability 

and validity of the survey instrument prior to the operational deployment of the survey 

through Google Forms (for use by actual study subjects). By addressing potential issues 

early in the process through the use of a pilot survey, the final survey instrument was 

positioned to capture data that were both accurate and meaningful for the purposes of this 

study. 

3.2.3 Collect Participants' Responses  

A survey was performed in a specified timeframe of multiple weeks, during which the 

participants were asked to fill out the questionnaire. The estimated timeframe of 

completion for each participant was estimated to be 5-10 minutes. The investigator worked 

to ensure that there was an appropriate balance between comprehensive questions and ease 

of completion by participants.  

Several mechanisms were employed to ensure the quality of data collected via the 

survey. One of these mechanisms included the use of attention check questions throughout 

the questionnaire to identify participants' inattentive responses and logical validations to 
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ensure logical consistency across responses and to prevent incomplete submissions from 

being included in the final dataset. Only submissions with a completion value above a 

threshold value were accepted into the final dataset. 

3.2.4 Develop Clean Sheets  

Through the use of Google Forms (Google Surveys), data was collected via a structured 

online questionnaire for ease of access and distribution with the bonus of real-time 

organization of responses. After completion of the survey, the raw data set was exported 

as a spreadsheet file directly from Google Forms, enabling researchers to maintain an 

unaltered record of all participants’ responses. 

Griddy AI was used as a response management and pre-processing tool to systematically 

handle and process the data collected from the survey and organize it according to a 

uniform method. Through the use of Griddy AI, researchers were able to prepare the data 

by cleaning, categorizing and aligning the data set for future analysis. This reduced the 

likelihood of manual handling errors and improved the overall efficiency of data 

preparation for both quantitative and qualitative evaluation phases. 

By utilizing Google Forms for data collection along with Griddy AI response management, 

research into participant responses was provided with a seamless workflow in which the 

input of participants into the collection method was accurately captured, efficiently 

organized and subsequently prepared to be analyzed in accordance with the original 

research objectives. 

3.3 Data Collection by Interviews  

In addition to exploring findings from the survey, semi-structured interviews were 

conducted with participants to gain a greater understanding of their experiences as 

practitioners. The selection of a semi-structured interview format allowed for both structure 

and flexibility as the researcher was able to ask predetermined questions but also had the 

ability to follow up on new or emergent issues that could provide interesting or valuable 

insight into the practitioner experience. 

A standardized interview protocol was developed so that interviews would be conducted 

in accordance with the research objectives. The interview protocol contained an 
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introductory opening question to establish rapport and context for the interviewee, the core 

interview question(s) to extract information relating to each research dimension and 

probing questions for additional clarification on interviewee responses. Each interview was 

concluded with an ending question to capture additional information, as well as to conclude 

by providing a summary of the discussion and next steps. It was anticipated that interviews 

would last approximately 10 to 15 minutes per interview. 

This study used purposive sampling with the intention of intentionally creating diversity in 

multiple different areas such as job titles, years of experience level, type of organization 

and the types of industries represented. The purpose of will be to capture a variety of points 

of view and a range of different experiences related to the use of LLMs to do testing. 

Participants in this study consisted of Software Developers, QA Engineers, Test Leads, 

DevOps Engineers and Engineering Managers representing various sizes of and types of 

organizations. Recruitment began by following up with respondents to the survey and then 

by directly reaching out to them in order to recruit him/her. All participants were selected 

to be representative of many different levels of LLM tools from beginner to advanced. 

The final target for the number of interviews was 26 participants, which is consistent with 

qualitative research practice for achieving saturation of data while still allowing for depth 

of analysis. 

3.3.1 Demographic Information  

During the interview process, participants were asked for basic demographic and 

professional information. This allowed researchers to place participants within the context 

of their environment, as well as to interpret responses correctly according to the 

individual’s experiences, level of experience and role related to software 

development/testing practices (Runeson and Host, 2009; Creswell, 2014).  

Participants were asked questions about their jobs such as: Their role in software 

development industry? How many years have they worked in the field of software? What 

are their specialized areas (e.g., Software Testing, Development, Product Manager, etc.)? 

Have they used AI or LLM based tools? All this information can provide categories for 

analyzing the responses to identify variations across different levels of experience and 

methods. 
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The information collected from the demographics was also useful to provide the 

researchers with contextual richness at the time of the analysis phase, so the analytical 

insights from the interviews could be connected back to the professional backgrounds of 

each participant. This was very important in validating the qualitative research results for 

making meaningful comparisons among different sets of practitioners. The detailed 

demographic distribution of participants is presented in Section 4.2. 

3.3.2 Semi-Structured Questions  

I developed a semi-structured format interview guide so that participants were allowed 

some flexibility in answering the research questions while still being guided toward 

specific thematic areas of interest to the study. The structure of the interview guides created 

consistency throughout all of the interviews, but allowed for opportunities to follow up on 

or probe areas based on interviewee responses. 

The interview guide was divided into thematic components, with each thematic component 

corresponding to a RQ and an element of LLM-assisted software testing. The structure of 

the interview guide ensured consistency across all of the interviews while providing the 

opportunity to probe and follow up on participant responses in an undetermined manner. 

The explored themes were used to unify and report the interview findings in “Results and 

Analysis” Chapter 4. 

3.3.3 Thematic Analysis of Interview Data 

The primary analytical method used to systematically analyse qualitative data obtained 

through semi-structured interviews was thematic analysis, a common qualitative method 

for identifying, analysing and reporting patterns (themes) in text. Thematic analysis makes 

it possible to objectively describe participants’ experiences in a well-defined and structured 

manner. 

The analysis followed a structured multi-step process inspired by established thematic 

analysis approaches: 

 Data Familiarization: Transcriptions of interview recordings were created as text 

files for review. The transcription of each interview recording was conducted 

multiple times prior to gaining a comprehensive report on content of the audio file. 
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Initial impressions were documented based on the participants’ repetitive themes; 

therefore, an understanding of each component of the dataset can be formed at the 

end of this stage. 

 Initial Coding: The data that had been transcribed were assigned labels (codes) to 

sections of text that were meaningful. The label or code describes the major themes 

or key ideas associated with the usage of LLMs, the various barriers to using LLMs, 

how LLMs are viewed by those working in software testing and the organizational 

issues associated with software testing. 

 Theme Development: The codes generated in the previous step were grouped into 

larger categories according to how similar or related they were to each other. After 

refining the categories established in the previous step to identify thematic 

categories that address the primary RQs, higher-level themes focused on: LLM 

usage patterns, challenges of LLMs, their effects on software quality and 

characteristics influencing LLM adoption were developed. 

 Theme Review and Refinement: The thematic comparisons were edited to ensure 

that they had internal consistency and differences could be recognised clearly 

between themes. All duplicate and overlapping themes were combined into one, as 

well as non-relevant codes to provide clarity within the analysis. 

 Theme Definition and Structuring: Each theme was clearly defined and linked to 

specific research objectives. Sub-themes were also identified where necessary to 

provide more granular insights into practitioner experiences. 

 Integration with Quantitative Findings: Convergent mixed methods were used to 

integrate the final themes with the results of the survey, allowing for the 

triangulation of findings and, in so doing, improving the overall validity and depth 

of the analysis by combining statistical data and qualitative insights. 

The format used to present qualitative data findings based on themes that emerged from 

the LLM-supported software testing responses has been provided in Chapter 4 (Results and 

Discussion). A coherent and orderly manner was used for the interpretation of LLM 

supporters and those who disagree with LLM's involvement in unit testing, released 

software. 
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3.3.4 Integrating the Findings into Data and Reporting the Findings 

To process qualitative interview data, a structured analytical approach was used, consisting 

of a structured pipeline to assist with accuracy, traceability and quality. All interviews 

occurred using computer-based video/voice communication so that respondents could 

participate regardless of distance. When granted permission by all participants, these 

interviews were digitally recorded (in MP4 format) to assure that there was an accurate and 

uninterrupted record of responses, as automatic notes could not be taken during interviews. 

In addition to being recorded in MP4 format, these interviews were then converted to MP3 

format so they could be used with automated transcription services (once converted, these 

services were then used on the audio files). Once this conversion is complete, the audio 

files became a version of each interview in “raw text” format; however, further refinement 

would be necessary in order to extract usable analytical insights from this initial text-based 

form (since it is an unstructured text). 

After the conversion to MP3 formats, all of the transcript files were processed through the 

Gemini AI software program, which helped identify and extract key concepts, appropriate 

quotations/statements and key search terms from the unstructured text data. This process 

summarized large volumes of text data into structured information that has been “analysis-

ready” while maintaining the essence of the participant’s response. 

After evaluating information from interviews, all outputs were combined into one excel 

file and this new spreadsheet was then treated as a main source of qualitative information, 

making it easier to compare with other participants or across different themes. 

Once the qualitative information had been collected, Griddy AI was used to provide further 

organization and structure to qualitative outputs through advanced relational analysis. This 

process allowed for the grouping of like inputs from participants, locating correlations 

among participant responses and linking comparable themes from multiple interviews to 

one another. As a result, we gained greater interpretability of the qualitative data by 

revealing hidden correlations among responses as well as identifying persistent trends in 

the participant responses. 

At the conclusion of the analysis and processing of the findings, all structured qualitative 

data was reported in this research study. The way in which the information was organized 

permitted for a consistent framework for presenting results based upon pre-defined themes, 
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while allowing for the analysis/interpretation of the findings to remain consistent with the 

proposed research objectives. This multi-tool process improved the quality of qualitative 

analysis as well as increased the effectiveness of interpreting the results by producing a 

more comprehensive and reliable interpretation of what participants said.  

3.4 Research Limitations 

Several limitations exist in this research which should be taken into account when 

interpreting results. Use of non-probabilistic sampling methods (e.g., convenience and 

snowball sampling) increases the chance for sampling bias. The sample may be skewed 

towards early adopters and technologically inclined practitioners who have a more positive 

perception of LLM tools. 

Also, participants’ reports may be impacted by recall bias or respondent bias as respondents 

will often over-report the success of the tools or may underreport issues they have 

encountered with the tools due to perceived judgement by the researcher. 

The study’s findings are context specific and not necessarily generalizable across all 

organizations, especially to those that have not adopted LLM technologies, since those 

organizations have not experienced the benefits or challenges of using LLM technologies. 

Finally, the research represents a point in time in a rapidly changing field; thus, the results 

may not represent future developments or best practices, since LLM technologies are being 

improved rapidly. The research also included only research and general-purpose LLM tools 

and the uses of studies with specialized and proprietary systems. In addition, using English 

only as the language to distribute the survey could have impacted the geographic and 

linguistic representation in the study, which could have affected the number of people who 

responded to the online survey. 
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4 Results and Analysis 

This study used a mix-method approach to address the proposed research questions. To 

collect the data wo different data sources were used: First, a survey questionnaire was 

developed and sent out to industry professionals to discover how they are using these tools 

(i.e., the general patterns of adoption), what they see as the benefits and what challenges 

they have faced. This survey allowed for the quantification of adoption patterns from a 

wide variety of respondents. Second, semi-structured interviews were conducted with 

individuals from various roles (e.g., Business Analyst, Developer, Quality Assurance 

Tester, Project Manager) in the software engineering space to gain a more in-depth 

qualitative perspective on organizational readiness, human-AI collaboration and 

integration issues that would not be completely understandable using only survey data. 

Using both methodologies allowed for triangulation of the findings and an increase in the 

validity of the results. The combination of both a survey and interviews allowed me to 

explore not just what practitioners have been observing, but why they have been observing 

phenomena within the context of real-life, industrial settings. 

The results are provided in corresponding subsections. Section 4.1 presents a demographic 

breakdown of the participants in the survey and interviews to identify the characteristics of 

the sample. Section 4.2 provides results relevant to RQ1 and provides insight into the level 

of use/adoption of LLM-supported testing tools. The findings from RQ2 are described in 

Section 4.3 and include both perceived advantages and disadvantages associated with using 

these tools. The results of RQ3 focus on the effect of LLM-assisted evaluation on software 

quality as well as productivity; the results for this question can be found in Section 4.4. In 

Section 4.5, results are reported for RQ4, which investigates how organizational and 

personnel factors influence the successful adoption of LLM. Finally, RQ5 results are 

discussed in Section 4.6, which addresses issues related to integration, hybrid workflows 

and best practices being used within the industry. 

With the results compiled in an organized manner, my objective is to illustrate how the 

quantitative data and qualitative data support one another to meet the research objectives 

in a logical manner. 
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Table 4.1. Thematic Framework Used for Analysing Semi-Structured Interview Findings 

Theme Subthemes / Focus Areas Analytical Purpose 

Background and 

Context 

Role, experience, 

organizational practices 

Establish participant context and 

organizational environment 

LLM Usage in 

Testing (RQ1) 

Use cases, integration, 

workflow examples 

Identify practical applications 

and integration patterns 

Challenges and 

Limitations (RQ2) 

Trust, accuracy, privacy, 

integration, manual 

validation 

Explore barriers and constraints 

affecting adoption 

Impact on Software 

Quality (RQ3) 

Quality improvement, 

defect detection, coverage, 

risk 

Assess perceived effectiveness 

and reliability 

Adoption and 

Responsible Use 

(RQ4) 

Organizational factors, 

policies, best practices 

Examine organizational 

readiness and ethical 

considerations 

Future 

Improvements and 

Reflections 

Tool enhancement, 

practitioner feedback 

Capture practitioner insights and 

recommendations 

 

Table 4.1 demonstrates the thematic framework used to analyse qualitative data extracted 

from interviews. Practitioner’s responses were organized using derived themes into 

meaningful categories. Each theme key areas such as usage of LLM, its challenges, impact 

of LLM on software quality and adoption practices, supporting structured interpretation of 

interview findings in result section.  

4.1 Overview of Research Sample 

This research was conducted with 73 Software Development lifecycle practitioners using 

purposive stratified sampling from two sources: survey data from 47 respondents and in-

depth interviews with 26 participants. Collectively, the 73 respondents define an overall 

sample universe that allows for a broad-based cross-section of survey data along with the 

depth of interviewing on a smaller number of individual practitioners. Thus, the combined 
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group of these two samples provides an equal measure of a wide distribution of practitioner 

experiences within the Software Development industry. Each of the 73 respondents 

represented one of nine distinct industry sectors, including web development, Software-as-

a-Service (SaaS), healthcare, banking/finance, artificial intelligence development and 

government organizations. Therefore, the combined data set offers a qualification of 

reasonably heterogeneous samples for both the 73 respondents and for each of the nine 

industry sectors. 

The respondents’ professional backgrounds represent a variety of roles within the software 

lifecycle industry. Of those respondents, 29.8% are software developers, 25.5% are quality 

assurance (QA) engineers, 8.5% are DevOps engineers and 6.4% are test automation 

engineers. The remaining respondents represent other positions that are related to testing. 

All of the respondents who provided us with information about quality assurance had been 

in their careers for an extended period of time. A majority of all survey participants had 

either 0-2 years of work experience (40.4%), 2-5 years of work experience (38.3%), or 6+ 

years of work experience (21.3%). The greatest number of participants came from very 

small businesses - 44.7% of participants worked for businesses with 11-50 employees and 

34% of participants worked for businesses with 51-200 employees. Almost 60% of the 

participants work in an Agile or Scrum development environment, hence demonstrating 

that there is a solid match between the Agile or Scrum processes and the standard software 

development lifecycle. 

4.2 Demographics of participated experts 

To provide the context for the research, demographics of the professionals involved in both 

the surveys and the interviews are evaluated. The overview of the demographics of the 

professionals should provide a valuable insight into the diversity of perspectives of the 

dataset as well as provide a basis for the interpretation of the findings of this research in 

relation to the backgrounds of the participants in the study. Demographic information of 

the participants is shown in 4.1. 

Figure 4.1(a) shows the survey reached professionals from 20 countries around the world 

and therefore provided a globally diverse distribution of the sample; the largest number of 

professionals participating were from Pakistan (15), followed by India (11) and China (9). 

Other major contributions were from Saudi Arabia (6), the United Arab Emirates (5), 
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Finland (5) and various European countries, such as Italy (4), Germany (2) and Spain (2); 

there were smaller but still notable numbers of professionals from Canada and the United 

States (3 professions each), South America (Brazil, 2), as well as professionals from the 

following countries: Cuba, Denmark, France, Norway, Russia and New Zealand (1 

respondent from each). The distribution of the aggregate of the sample should exhibit the 

perspectives of individuals from well-established software markets as well as new 

technology hubs. 

In their professional roles, participants encompassed a wide range of professional expertise 

within the software engineering field, as shown in Figure 4.1(b). The largest groups within 

the study consisted of QA engineers (16) and web development QA professionals (15), 

followed by software testers (8) and software developers (6). There were also two each of 

automation engineers, cloud engineers and AI engineers; as well as five specialists each 

from the healthcare and finance/banking industries, respectively. Participants represented 

both technical implementers and domain-specific participants. 

The experience of study participants varied widely, with a significant proportion of mid-

level (3 to 5 years, 44%) and entry-level (0 to 2 years, 29%) practitioners, while also having 

a smaller but still notable percentage of experienced professionals (17% with 10 or more 

years’ experience; 3% with 6 to 10 years’ experience) as shown in Figure 4.1(c). The data 

reflects both new and experienced perspectives, making it a representative sample of the 

industry. 

Furthermore, Figure 4.1(d) shows that the organizational size of respondents varied from 

startups to big organizations. Out of all the respondents, about 34% had organizations 

employing from 10-49 employees, whereas another 30% had their workplace at medium-

sized organizations (organizations that had a number of employees from 50-249). 

Respondents were from big organizations too, where 17% had their job from organizations 

that had more than 500 employees, followed by 10.5% from organizations that employed 

between 2,50-500 employees and 8.5% from organizations having more than 10,000 

employees. 
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Figure 4.1. Demographic data of the survey participants 

 

Figure 4.2. illustrates the demographic profile of interview participants. The interview 

consists of 25 people from seven distinct nations majority originating from Pakistan, the 

United Kingdom, and the United Arab Emirates. The participants represented a wide range 

of professions, including DevOps engineering, infrastructure/deployment, product/agile, 

quality assurance/software quality assurance engineering, software development, testing 

and automation, and roles connected to artificial intelligence, data, and machine learning 

(Appendix 2). The data also showed that the participants came from a range of application 

domains. The interview sample provides qualitative insights from experts with different 

professional backgrounds and experience levels overall. 
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Figure 4.2. Demographic data of the interview participants 

4.3 RQ1 (Adoption and Active Use of LLM-Assisted Testing Tools) 

Results reveal a strong presence of LLM-enabled tools in testing practices through 

participant responses. 55.3% of all respondents reported frequent use of an LLM tool as 

part of their testing workflow, while 23.4% reported they use an LLM tool occasionally, 

as seen in figure 4.2. of those who did not state regular or occasional use of a tool, 14.9% 

indicated they were actively experimenting with them. LLM tools are being discussed by 

all interviewees (100%), indicating that these technologies are included as a topic of 

interest within existing software testing methodologies. 
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Figure 4.3. Practitioner Perceptions of LLM Use in Software Testing (RQ1) 

The broad participation indicates that LLM-aided testing has transitioned from being 

mainly experimental/niche to being largely (if not completely) early to mid-stage 

mainstream and as such, from an interpretive lens, validates this research in light of the 

fact that practitioners are aware of this type of tool; and are using it in some manner and 

probably to various degrees. In addition, the data show that organizations are beginning to 

value LLM, even though they may not yet have achieved LLM full-scale integration. 

Figure 2.3 shows the wide use cases of LLM in the Software Life Cycle.  

 

Figure 2.4. Types of Software Testing Performed by Respondents 

4.3.1 Role of LLM tools in Software Testing 

The purpose of this RQ is to find out how Software Testing practitioners utilize LLM tools 

in support of their software testing process. I conducted a series of interviews with 

individuals, asking each person about their use of LLM tools and the purpose (e.g., creating 
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test cases, generating test data, aiding with debugging, automating test execution, etc.). 

Ultimately, my goal is to determine how LLM will be used in people's daily testing 

activities and if they will function as a stand-alone tool or be included in existing software 

development/ deployment processes, such as Continuous Integration/ Continuous 

Deployment, etc. 

By analyzing the feedback provided by participants within this theme, researchers 

identified patterns of practical LLM adoption and the types of testing activities that benefit 

most from LLM use. Additionally, the information obtained provided insight into how the 

use of LLM tools is changing the way traditional software testing roles function and 

positively impacting productivity in software quality assurance processes. 

4.3.2 Tool Plurality and Lack of Market Dominance 

The report further confirms an uncoordinated tool infrastructure, with no dominant player 

in the marketplace using the LLM tools. Most reluctant to adopt a monolithic approach to 

their tool selections, users frequently choose to use multiple different tools in whatever 

combination they see as the most appropriate for the given application. The primary tool 

choices identified were ChatGPT, GitHub Copilot and the new arrivals to the marketplace, 

Gemini and Claude, as well as internally developed tools. 

These mixed-tool options indicate the variety of complementary capabilities a user can 

derive from the various tools, rather than necessarily a "one-tool-fits-all" solution. Because 

of this lack of any dominant tools in the market, it may also signal that the market 

opportunity for testing and verifying a solution through LLM has not yet fully matured and 

continues to experience an increase in innovation and experimentation. 

4.3.3 Adoption Trends and Industry Maturity 

The findings from this study have demonstrated that the usage of LLM in 

assessment/testing has moved from being an experimental stage to being in the early stages 

of acceptance by the community as depicted in figure 4.4. 55.3% of survey respondents are 

currently employing LLM tools and another 38.3% participants are either experimenting 

with or using them on an occasional basis, so there is much activity shown on the LLM 

Tool adoption curve within this community.  



39 

 

The momentum of this trend is also reinforced by the results of the interviews, where every 

interviewee acknowledged that LLM tools can and will be used in their own workflow. 

The traditional automation tool requires a fair amount of setup and expertise to implement, 

while LLM tools have a lower barrier of entry, which allows for rapid experimentation and 

gradual adoption when compared to traditional automation tools. 

 

Figure 4.5. Frequency of AI/LLM Usage Among Respondents in different roles 

However, despite this widespread usage, the findings suggest that the maturity of adoption 

remains uneven. Many organizations are still in exploratory or semi-structured phases of 

adoption rather than achieving full integration. 

4.3.4 Quantitative Assessment of LLM Integration (Likert Analysis) 

Table 4.2 shows mean values (𝑥), standard deviations () and results for single-sample t-

tests for 5 different Likert scale items measuring how developers and testers integrate LLM 

into their test workflows. All five individual Likert scale items had mean values above the 

neutral mid-point of three (0-6; four items significant at α = 0.001). Among the four highest 

means were LLM supporting the understanding of complex code or requirements (𝑥 = 4.17, 

 = 0.89, t (46) = 8.99, p = 0.001) and improving productivity on testing tasks (𝑥 = 4.06, 

 = 0.73, t(46) = 9.93, p = 0.001). While CI/CD workflows where LLM have been 

integrated had a significant mean (𝑥 = 3.47,  = 1.08), its lower mean value and larger 

standard deviation present evidence for varied integration of LLM in CI/CD workflows 

across organizations. 
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Table 4.2. One-Sample t-Tests for RQ1 Likert Items Assessing LLM Integration (N = 47) 

Statement 𝒙  t p-value 

LLM tools help generate test cases faster (S1) 4.02 0.90 7.81 p < .001*** 

LLM improve productivity in testing (S2) 4.06 0.73 9.93 p < .001*** 

LLM are integrated into CI/CD workflows (S3) 3.47 1.08 2.97 p = .005** 

LLM help understand complex code (S4) 4.17 0.89 8.99 p < .001*** 

LLM help improve test coverage (S5) 4.06 0.73 9.93 p < .001*** 

Tests conducted against neutral midpoint mu = 3.0. *** shows p < .001, ** shows p < .01. A five-point Likert 

scale was used (1 = Strongly Disagree, 5 = Strongly Agree). All t-tests are two-tailed. 

 

The overall results demonstrate that LLM technologies are becoming more widely used in 

program testing, with a large statistical significance established. Although conversational 

and generative LLM have been extensively utilised for software testing purposes, evidence 

suggests that there is still a long way to go until they are completely incorporated into 

existing build processes at every stage of development. The significant opportunity 

identified in interviews provides support for developing both tools and ways to use tools 

automatically (see section 4.4.2) 

4.4 RQ2 (Challenges and Limitations of LLM-Assisted Testing Tools) 

Regarding the analysis of RQ2, the aim was to determine the obstacles and drawbacks 

associated with the use of the test instruments that leverage LLM in practice. During the 

surveys, there was evidence of interest on the part of the respondents regarding testing of 

the new methods and solutions, however, some doubts that would limit the wider use of 

such technologies arose as well. Through the interviews, a better understanding was 

obtained concerning these issues where the interviewees cited issues regarding precision, 

consistency, relevance and compatibility. Overall, this shows that despite all the 

advantages of using LLM in tests, there are both technical and practical limitations to their 

use, as shown in figure 4.6. The next section describes these limitations in greater detail. 
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Figure 4.6. Challenges of LLM-Assisted Software Testing in Industries (RQ2) 

4.4.1 Quantitative Assessment of Practitioner Challenges 

In Table 4.3, the respective Likert means, standard deviations and one-sample t-test 

statistics for the ten primary challenge dimensions evaluated in this research are presented. 

The two most highly rated challenges related to prompt engineering were “results depend 

greatly on the quality of the prompts” (C16: 𝑥 = 4.30,  = 0.95; t (46) = 9.33; p < .001) and 

“lack of prompt engineering skills results in limited effectiveness of LLM” (C17: 𝑥 = 4.32, 

 = 0.78; t(46) = 11.55; p < .001). As such, these would constitute the strongest and most 
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consistently supported challenge in this dataset with low levels of disagreement (low  for 

C17) within respondents. 

Table 2.3. One-Sample t-Tests for RQ2 Challenge Likert Items (N = 47). 

Challenge Statement 𝒙  t p-value 

Incorrect / misleading test cases (C1) 3.83 0.96 5.91 p < .001*** 

Difficulty trusting LLM accuracy (C2) 3.53 0.88 4.14 p < .001*** 

Data privacy / security concerns (C3) 3.81 1.06 5.25 p < .001*** 

Domain-specific knowledge gap (C4) 3.32 1.07 2.05 p = .046* 

Workflow integration challenges (C5) 3.30 1.06 1.92 p = .061  

Manual verification effort (C6) 3.57 0.99 3.96 p < .001*** 

Inconsistent outputs (C7) 3.83 0.99 5.78 p < .001*** 

Cost / resource limitations (C8) 3.72 1.12 4.44 p < .001*** 

Prompt quality dependency (C16) 4.30 0.95 9.33 p < .001*** 

Lack of prompt engineering skills (C17) 4.32 0.78 11.55 p < .001*** 

Tests conducted against neutral midpoint mu = 3.0. *** shows p < .001, ** shows p < .01, * shows p < .05. 

C5 (Workflow integration) and C9 (Context understanding) were not statistically significant at alpha = .05, 

indicating greater respondent ambivalence on these dimensions. 

 

Incorrect or misleading test case generation (C1: 𝑥 = 3.83,  = 0.96) and inconsistent 

outputs (C7: 𝑥 = 3.83,  = 0.99) were both highly and significantly rated. Privacy and 

security concerns (C3: 𝑥 = 3.81,  = 1.06) ranked similarly, indicating that data governance 

concerns are a substantive, not merely theoretical, barrier to adoption. The manual effort 

required to verify the output of LLM (C6 = 𝑥 = 3.57) and the level of trust participants 

have in the accuracy of LLM-produced outputs (C2 = 𝑥 = 3.53) indicate a consistent theme 

of participants expressing "epistemic uncertainty" regarding the accuracy of LLM. 

Challenges related to how participants have integrated LLM into their workflow (C5 = 𝑥 

= 3.30, p = .061) and how well participants understand the context of generated outputs 
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(C9 = 𝑥 = 3.23, p = .147) were not statistically significant. This suggests that variation 

among participants' experiences in these areas may be greater than for manual verification 

and trust in LLM accuracies. 

4.4.2 Thematic Analysis of Interview Data 

Interview responses were subjected to an inductive thematic coding process aligned with 

the Braun and Clarke (2006) reflexive thematic analysis framework. Open coding was 

applied to each participant's responses across the Challenge and Key Challenges fields. 

Recurring codes were grouped into axial categories and eight overarching themes were 

identified. Prevalence was operationalised as the proportion of the 25 participants whose 

responses contained evidence of each theme. 

Themes are derived from inductive coding of interview transcripts. Prevalence percentages 

reflect the proportion of 25 interviewees whose responses evidenced each theme 

Code Theme Description n / 25 
Prev. 

% 

T1 Trust and Reliability Concern that LLM outputs cannot be fully 

trusted without expert review 

23 92% 

T2 Hallucination and Incorrect 

Outputs 

LLM producing factually wrong, 

misleading, or contextually invalid test 

cases 

22 88% 

T3 Mandatory Human 

Verification 

All interviewees confirmed manual review 

is required before using LLM outputs 

25 100% 

T4 Data Privacy and Security Concerns about sharing sensitive project 

data with third-party LLM services 

20 80% 

T5 Prompt Engineering 

Dependency 

Output quality directly determined by the 

precision of prompts provided 

19 76% 

T6 Integration Barriers Difficulties embedding LLM into existing 

CI/CD pipelines and frameworks 

16 64% 
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T7 Context Limitation LLM lack sufficient domain and project-

specific context for precise outputs 

18 72% 

T8 Quality and Coverage 

Benefits 

LLM improve test coverage and detect 

edge cases more broadly 

22 88% 

Table 4.4. Thematic Analysis of Interview Data: Challenges in LLM-assisted software 

testing (N = 25 Interviews) 

Theme T1: Trust and Reliability Concerns (92%) 

The most prevalent thematic concern was a generalised scepticism towards the reliability 

of LLM-generated testing artefacts. Twenty-three of 25 participants reported that trust 

issues were a central challenge. Representative interview evidence includes a senior QA 

Automation Engineer (P24) who stated that output quality and correctness depended 

entirely on human oversight and a DevOps and Cloud Engineer (P11) who described 

'misaligned outputs and trust issues' as persistent barriers. This theme aligns directly with 

the statistically significant survey findings for C1 and C2. 

Theme T2: Hallucination and Incorrect Outputs (88%) 

Twenty-two interviewees reported direct personal experience with LLM hallucination. The 

generation of plausible but factually incorrect test cases, expected values, or code logic. A 

QA Engineer (P9) described receiving 'incorrect test scenarios', while a Full-stack 

Developer/Tester (P4) recounted receiving incorrect unit test cases rooted in erroneous 

assumptions about application state. The Director of AI and Data (P16) noted that 'the first 

few prompts are usually useless' for complex testing contexts, reflecting the domain-

specificity problem underlying many hallucination instances. 

Theme T3: Mandatory Human Verification (100%) 

In a finding of exceptional consistency, all 25 interviewees affirmed that manual human 

verification is required before LLM-generated outputs are deployed or integrated into 

testing pipelines. This unanimous consensus constitutes a practitioner-defined de facto 

standard: LLM-generated content is treated as a draft requiring expert validation rather 

than a production-ready artefact. This finding has direct implications for the design of 

LLM-integrated testing workflows and for organisational policies governing AI tool use. 
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Theme T4: Data Privacy and Security (80%) 

20 participants were worried about how submitting proprietary code, system schemas, 

healthcare data or personally identifiable information to third-party LLM APIs could affect 

the privacy of those who submitted these types of information. For example, healthcare 

practitioners (P18) are constrained by HIPAA regulations in terms of submitting this 

information, while a DevOps Engineer who works in the government mentioned their 

organization's governance issues as it relates to public sector LLM applications/practices. 

Based on survey data, over 21.3% of respondents indicated using internal AI tools could 

be seen as a reflection of their organization making privacy-based decisions to implement 

self-hosted LLM solutions. 

Theme T5: Prompt Engineering Dependency (76%) 

The results showed that 19 of the participants indicated the quality of LLM generated 

output was dependent upon the accuracy and format of the prompt provided. This theme 

was not just highly evident; it was also described by many of the junior-level and mid-level 

practitioners involved as a barrier to skill development; because they not only lacked 

knowledge of how to effectively engineer prompts, but also would not have reliable access 

to quality generated testing outputs from LLM. This supports the strongest statistical signal 

identified in the data collected from surveys (C16 and C17). Thus, the conclusions 

regarding prompt engineering represent a primary limiting factor in LLM testing efficacy 

have triangulated validity. 

Themes T6, T7 and T8: Integration Barriers, Context Limitations and Quality 

Benefits 

Barriers to integration were the first barrier (64%) discussed and were centered around 

LLM's difficulties in being incorporated into current CI/CD pipelines, testing frameworks 

and IDE workflows. The second area was context limitations (72%) or the LLM's 

limitations in operating with appropriate knowledge of the project's architecture, business 

logic, or domain knowledge. This aligns with the moderate score of C9 in the survey data. 

Finally, Quality/coverage benefits (88%) was the major positive item found, with most of 

the interviewees reporting that LLM increased the breadth of coverage in tests and the 

identification of edge cases. 
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4.4.3 Context and Domain-Specific Knowledge Gaps 

A key limitation highlighted in the research concerns the ability of LLM produce outputs 

that reflect contextual knowledge, as well as domain-specific expertise (RQ2). According 

to numerical data collected, 72.3% respondents stated that tests generated by LLM 

frequently missed meaningful domain-specific cases. Additionally, 70.2% indicated the 

absence of sufficient domain expertise was a barrier; while, 59.6% of respondents reported 

challenges associated with LLM having limited ability to comprehend the specific context 

of a project or type of structure being built (or architectural patterns). 

Although quantitative data was rich, other qualitative feedback from practitioners offers 

further insights into this gap in domain-specific knowledge and context when working with 

LLM. One practitioner stated "The greatest issue thus far has been domain awareness, 

when there are thousands of edge cases related to a domain or based on a domain, that is 

where most companies would derive their greatest competitive advantage" (P3). A second 

practitioner noted the disconnect between developer and domain expert; adding "A 

developer typically does not have domain knowledge about what they are developing; 

however, a domain expert does not necessarily know how to develop the product. 

Therefore, LLM can help lessen the gap in communication but need context to provide 

assistance" (P4). 

These results highlight the relevance of providing contextualization when using LLM to 

assist with testing. Providing LLM access to domain-specific data, proprietary systems, or 

organizational knowledge will increase the probability of generating quality, 

comprehensive testing scenarios. To address this limitation, additional solutions need to be 

developed, such as domain-specific fine-tuning and retrieval-augmented-generative 

solutions. 

4.4.4 Integration Lags Behind Tool Adoption 

While LLM tool usage has increased significantly, due to the lack of coordination between 

existing development processes (like CI/CD pipelines) and LLM integration, the numbers 

remain fairly low. Less than half (46.8%) of those surveyed were able to integrate their 

LLM Tools into their process efficiently; also noted was the difficulty of 66.0% of those 

responding to connect their LLM Tool sets with pre-existing frameworks for testing. 
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Almost as many respondents (51.1%) cited a lack of funds or resources to implement LLM 

Tools into their existing workflows as a primary obstacle for successful implementation. 

Interview responses further identify challenges with integrating LLM Tools into existing 

processes and workflows. One technical practitioner described that their organization only 

uses AI Tools in a limited and purposeful way; he specifically stated, "We apply AI Tools 

in a controlled fashion and we will exclusively use them for the purpose of generating and 

analysing test cases, not for the determination of our fundamental architecture" (P3). A 

second technical participant also found that the situational use of LLM Tools has been 

effective in assisting with troubleshooting complex processes, stating, "LLM tools can be 

useful in situations where I'm stuck in my process flow" (P3). 

Your findings clearly show the gap that exists between experimentation and demonstrating 

fully integrated enterprise operational processes using LLM Tools. Many enterprise 

organizations only implement LLM Tools into small application (ad hoc) usage scenarios 

rather than using LLM Tools as part of an end-to-end enterprise pipeline. The successful 

integration of LLM Tools is dependent not only on technical implementations, but also on 

alignment to the respective enterprise's processes, governance policies and functional 

domain requirements. 

4.4.5 Accuracy and Trust as Critical Adoption Barriers 

The greatest barriers to the use of LLM were the lack of accuracy and trust in the outputs. 

Survey data showed that 76.6% of respondents were concerned about the possibility of 

receiving incorrect or misleading outputs from LLM and that 75.5% of all respondents also 

reported that outputs from LLM would require a significant amount of manual verification 

to ensure that they were accurate. 65.9% of those surveyed also stated that they have 

difficulty in trusting the accuracy of LLM outputs. 

The concerns that respondents had about LLM output quality were reinforced by the 

qualitative data collected during the interviews; 93.3% of all interview participants 

mentioned accuracy and/or trust issues with LLM outputs. Practitioners frequently referred 

to the term "hallucination", which refers to LLM producing believable outputs that are 

nonetheless incorrect. One experienced QA practitioner noted, “Developers are hesitant to 

rely on outputs from tools they cannot fully predict or automatically verify; there is a trust 

issue combined with a sterilization issue” (P12). Another practitioner stated that “Some 



48 

 

areas/ways there can be improvements, imaging better accuracy integration with testing 

tools and improved context understanding” (P7). 

The current evidence implies that LLM have not yet reached the status of independent 

evaluation tools, but rather, are functioning as supportive resources demanding human 

involvement in the process of validating accuracy before execution. Additionally, the 

necessity for significant amounts of manual validation further diminishes the otherwise 

great theoretical productivity increases, thus demonstrating a substantial chasm between 

possible and actual effectiveness. Organizations therefore, should proceed intentionally 

and methodically when incorporating LLM into their testing processes. 

4.4.6 Emerging Patterns and Secondary Insights 

Outside of the main findings of this report, several additional dynamic patterns appear 

present within these data to offer insights into the ways that LLM-related tests have been 

developed and implemented in practice. The patterns identified reflect on many aspects of 

both the technical and non-technical (e.g., human, organizational and cognitive) features 

that contribute to the success behind implementing LLM technologies into practice. 

An area that has been demonstrated as a critical finding is the presence of large gaps in 

training and capability among practitioners (over 86.7%) who participated in the interviews 

discussed the learning curve of LLM tools as an obstacle to effective use). Specifically, 

most practitioners reported relying on self-led learning approaches based primarily on trial 

and error for understanding LLM rather than structured or systematic types of training. 

This has resulted in variance in the usage of LLM tools, as well as underutilization of the 

capability of these types of tools (the most highly noted gap was in prompt engineering, 

which is critical to successfully using LLM tools). For example, one practitioner stated, 

“When you get into new technologies, you have a lot of barriers because you are usually 

only concerned about features of that technology that relate to your job and therefore you 

may not have a lot of knowledge about the whole language or framework” (Interview #4). 

This clearly indicates the educational and cognitive challenges that are associated with the 

adoption of new technologies, particularly those driven by AI. 

A pattern that emerged strongly from the data was the use of hybrid human/AI workflows 

as the best way to implement LLM-assisted testing. These data also showed the trend that 

organizations with successful implementations of LLM-assisted testing use LLM not as 
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replacements of human expertise but as collaborative tools augmenting human capabilities. 

As such, organizations using a hybrid approach (i.e., the output from the LLM is reviewed, 

refined and validated by a qualified expert) will likely produce more reliable and 

sustainable results than organizations using LLM as standalone tools. This finding 

corroborates established findings regarding the use of multiple types of LLM in 

conjunction with one another for complementary purposes. Additionally, the role of senior-

level review and validation continues to be a critical component of these hybrid workflows 

to ensure the quality and reliability of produced outputs. 

A concrete example of such a structured workflow was described by one participant, who 

stated: “Whenever a new feature or bug is reported, we analyse it and create sub-tasks in 

Jira as test cases. Then we assign the ticket to developers. We start with test planning and 

create test methodologies for each feature. This structured workflow with LLM assistance 

works better than ad-hoc generation” (Interview 3). This example illustrates that the 

effectiveness of LLM tools is significantly enhanced when integrated into well-defined 

development and testing processes, rather than being used in an unstructured or ad hoc 

manner. 

The analysis showed that LLM tools were mostly useful in certain defined use cases. 

Practitioners indicated that they get the most value from using LLM in combination with 

existing industry testing frameworks and tools, specifically for automation, especially with 

API testing. One user explained, “If you are using automated tools like Postman or 

Geometry to test APIs, then LLM are a must. That is the best use for them.” (P15) Thus, it 

appears that LLM tools work best as complementary technologies to augment existing 

methods and processes rather than as independent solutions.  

Another benefit of LLM is their cognitive impact. Practitioners indicated that LLM act like 

“perspective providers” for workflow improvement by expanding the horizon of 

possibilities and helping one discover things that one has neglected to consider. As an 

example, one developer stated, “LLM will add a new viewpoint for thinking and they will 

recommend scenarios. As a developer, you are sometimes tunnel-vision about your code.” 

(P12) Therefore, this points out another value LLM provide; they help develop 

improvements in quality by stimulating the analysis of options and exploration of scenarios 

as well as increasing productivity. 



50 

 

As the final step of the study, participants expressed an interest in future directions for the 

ongoing evolution of LLM-assisted testing, including: 

 Enhanced domain-specific capabilities 

 Improved integration with testing tools and CI/CD pipelines 

 Greater reliability and consistency of output 

 Increased protection of confidential data through on premise deployment 

alternatives 

 Advanced test data management support 

In addition, participants indicated their interest in fine-tuning domain-specific models, 

using RAG approaches, having improved versions control systems for generated tests and 

saving costs through using open-source/Self-hosted solutions. Overall, the insights shared 

demonstrate what a valuable resource LLM are to testing, but also suggest substantial 

opportunities for improving both technical capabilities and practical usability. 

4.5 RQ3 (Impact of LLM-Assisted Testing on Software Quality and Productivity) 

In this section, we address RQ3 by investigating the effects of the utilization of LLM for 

testing on software quality and productivity in practical scenarios. While other sections 

have discussed the application rates and the patterns of using LLM, the focus here is more 

on identifying the effects of using LLM in practice. It can be seen that there are some 

conflicting aspects involved in the application process. For instance, it seems that the use 

of LLM enables testers to perform their tasks quickly, particularly when they need to test 

complicated code or generate test cases initially, as shown in the Likert scale in figure 4.6. 

However, there is still apprehension regarding the accuracy levels and the need for 

verification processes for generated output. 

 



51 

 

 

Figure 4.7. Impact of LLM-Assisted Software Testing on Software Quality (RQ3) 

Table 4.5 displays the statistical results of five Likert scale items measuring the perceived 

quality of LLM-assisted testing in terms of the impact on quality. All five items had a 

statistically significant result and had similar mean scores between 3.62 to 4.19. The 

highest rated item was "A human review of the output before it is used is necessary" (Q5:  

𝑥 = 4.19,  = 0.88, t(46) = 9.33, p < .001), demonstrating an expectation that there will be 

quality assurance on LLM output prior to its usage. The statement "LLM-assisted testing 

enhances software quality overall" (Q1: 𝑥 = 4.02,  = 0.79, t(46) = 8.82, p < .001) had the 

second-highest mean score, suggesting that there is a general agreement that LLM will 

provide a net increase in software quality if validated. 

Table 4.5. One-Sample t-Tests for RQ3 Likert Items Assessing Perceived Software Quality 

Impact (N = 47) 

Statement 𝒙  t p-value 

LLM-assisted testing improves software quality 

(Q1) 

4.02 0.79 8.82 p < .001*** 

LLM help detect bugs earlier (Q2) 3.62 0.95 4.48 p < .001*** 

LLM tools reduce manual testing effort (Q3) 3.81 0.90 6.16 p < .001*** 

LLM-assisted testing improves coverage (Q4) 3.74 0.79 6.44 p < .001*** 

LLM outputs require careful human review (Q5) 4.19 0.88 9.33 p < .001*** 

All tests conducted against neutral midpoint mu = 3.0. *** p < .001. 
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4.5.1 Credibility of LLM-assisted Software Testing  

This theme relates to the degree of trust and faith that practitioners are willing to put in the 

generated outputs from the LLM when they are performing testing activities. Participants 

were questioned about their perceived accuracy of generated test cases, how well they were 

practicing validation, the levels of reliance they placed on performing manual verification 

and so forth. 

Therefore, the collected responses provided an information base for determining whether 

there are any patterns related to the credibility of LLM generated outputs in actual working 

environments and if practitioners view LLM-created outputs as final results or just helpful 

suggestions and still require human evaluation, etc. This theme is significant to evaluate 

the dependability of LLM in testing environments that are safety-critical and rely heavily 

on quality. 

4.5.2 Strong Perceived Benefits in Code Understanding and Productivity 

There is a strong belief that LLM-supported testing tools have many benefits based on 

quantitative results. An overwhelming 87% of people believe that LLM can help them 

decode or understand complicated codebases or specifications. 76.6% of respondents say 

their productivity has increased and an equal number of people believe that they have 

experienced an increase in their ability to generate and measure test coverage as well. 

About 66% of those surveyed said that LLM can generate test cases significantly faster 

than previous manual methods. 

Qualitative insights from interviews support the above findings. Practitioners frequently 

pointed out productivity gains and quicker workflows when using these tools. One 

interviewee stated, "I have used LLM tools to improve my productivity while creating test 

cases, debugging and understanding the test cases I created." (P2) Another stated that 

“Using LLM tools has significantly decreased the amount of time it took to create manual 

test cases and to identify the root cause of bugs” (P8). These examples show that LLM are 

viewed as being more than just automation tools and that they increase productivity 

throughout all phases of the testing process. Figure 4.8 shows wide range of test activities 

performed by AI/LLM. 
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A significant and somewhat surprising finding is the use of code understanding and 

requirements analysis is being utilized as much as test case generation. This indicates that 

practitioners are gaining value from using LLMs for explainability and comprehension 

instead of automatically producing test cases. Thus, LLMs have a larger role than just 

generating tests; they can provide cognitive support, such as debugging, documentation, 

etc. 

 

Figure 4.8. Test Activities Supported by LLM in Industries 

4.5.3 Productivity Gains Versus Practical Limitations 

The strong evidence of perceived productivity gains from LLM tools was one of the main 

points found in this study. Many of the respondents indicated they felt more productive 

than they did prior to using the tool by a significant margin when completing tasks such as 

generating test cases, debugging and performing requirements analysis; supporting 

evidence was given qualitatively through repeated references made by practitioners 

regarding saved time and decreased manual effort. However, practitioners also stated that 

they had to do far more manual verification than they did in the past with the LLM tool 

(75.5% of the surveyed); therefore, the interpretation of increased productivity can be seen 

as severely limited as shown in figure 4.8. In other words, while the LLM tool will create 

faster initial outputs, the additional time required to validate, correct and adapt to the LLM 

tool will reduce the overall productivity gain associated with LLM tools resulting in what 

may be termed a "productivity paradox" whereby the speed to complete tasks provided by 

using the LLM tool creates additional verification time. 
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Figure 4.9. Verification Effort Required for LLM-Generated Output 

The survey results shown in figure 4.9 demonstrate that across professional roles, most 

respondents acknowledge the need for manual verification of LLM-generated outputs, with 

agreement or neutrality prevailing and only limited disagreement. 

This contrast visually reinforces the gap between perceived and realized efficiency. The 

findings suggest that LLM tools currently function best as productivity enhancers rather 

than productivity replacers. Their value lies in accelerating initial stages of work, while 

human expertise remains essential for ensuring correctness and completeness. 

4.6 RQ4 (Organizational and Human Factors Influencing Adoption Success) 

This section of the research answers RQ4 by analysing organizational and human aspects 

associated with the successful integration of LLM-assisted testing. Even though the 

technological features of such solutions have already been discussed above, it is crucial to 

highlight that their efficient implementation strongly relies on the organizational context 

of use. Indeed, the organizational design, team size, software development approach and 

level of specialists’ competence may significantly affect the process of incorporating new 

technology in work routine. On the other hand, factors like financial costs, policy-related 

issues, training opportunities and trust toward generated content by AI systems may restrict 

the application of LLM-assisted testing. 
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4.6.1 Organisational and Governance Factors 

Table 4.6 presents Likert statistics for five items addressing organisational adoption and 

responsible AI governance. The most strongly endorsed items from the complete survey 

were Human Oversight (A4: 𝑥 = 4.36,  = 0.74, t(46) = 12.70, p < 0.001) and Integrating 

Responsible AI into SE Practices (A5: 𝑥 = 4.34,  = 0.89, t(46) = 10.31, p<0.001) with the 

lowest standard deviation for both (0.74) demonstrating general consensus among 

respondents. Organizational supports for using AI tools (A1: 𝑥 = 4.11) and guidelines on 

AI usage (A2: 𝑥 = 3.68) were also found to be significantly above neutral. 

Table 4.6. One-Sample t-Tests for RQ4 Adoption and Governance Likert Items (N = 47) 

Statement 𝑥  t p-value 

Organisation encourages AI tool use (A1) 4.11 0.98 7.77 p < .001*** 

Guidelines / policies for AI tool use (A2) 3.68 1.00 4.65 p < .001*** 

Developers/testers receive LLM training (A3) 3.26 1.28 1.39 p = .171 ns 

Human oversight is necessary (A4) 4.36 0.74 12.70 p < .001*** 

Responsible AI is part of SE practices (A5) 4.34 0.89 10.31 p < .001*** 

*** shows p < .001. A3 (Formal training provision) was the only adoption-related item not statistically 

significant (p = .171), indicating that formal training provision is inconsistent across organisations in the 

sample 

 

Only the training item (A3: 𝑥 = 3.26,  = 1.28, p = .171) was not statistically significant 

for governance and the high standard deviation indicates that practitioners had varying 

amounts of training. The implications are practical since most organisations support LLM 

use and committed to responsible AI governance, but the formal training methods 

employed to increase the efficacy and responsibility of using LLM are inconsistent. 

4.6.2 Spearman Rank Correlation: Experience and Adoption Attitudes 

Spearman rank correlations were computed between practitioner experience (ordinal-

coded) and the five quality and five governance Likert items to test whether professional 
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seniority moderated adoption attitudes. Table 4.7 presents results for items yielding 

noteworthy coefficients. 

Table 4.7. Spearman Rank Correlations Between Practitioner Experience Level and Selected 

Likert Items (N = 47) 

Likert Variable Spearman rho p-value 

LLM-assisted testing improves software quality (Q1) 0.335 0.021* 

LLM-assisted testing improves test coverage (Q4) 0.308 0.035* 

Developers/testers receive LLM training (A3) 0.357 0.014* 

Organisation encourages AI use (A1) 0.282 0.055 ns 

LLM detect bugs earlier (Q2) 0.125 0.401 ns 

* shows p < .05. Experience was coded ordinally. 0–2 years = 1, 3–5 years = 2, 6–10 years = 3,                              

11–15 years = 4, 15+ years = 5. 

 

Three statistically significant positive correlations were found. Experienced practitioners 

are more likely to: (i) believe LLM-assisted testing increases the quality of software overall 

(rho = .335, p = .021); (ii) believe LLM increase coverage of tests (rho = .308, p = .035); 

and (iii) support the need for formal LLM training (rho = .357, p = .014) These results 

indicate that experience may lead to a more detailed and contextually sound evaluation of 

what LLM can do and a greater appreciation for having an organized way to learn more 

skills. Conversely, there are no significant differences in the need for human oversight (A4) 

or the endorsement of responsible AI (A5) based on experience, indicating there is a high 

level of agreement on governance values across all levels of experience. 

4.6.3 Factors affecting the adaptation of LLM tools in Software Testing  

This theme looks at the organizational, technical and human conditions of LLM tool 

adoption in testing software. Some factors named by participants include organizational 

readiness, availability of guidelines, team expertise, usability of tools and management 

support. 
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The purpose of this theme was to get insight into what encourages or discourages teams in 

using LLM-based testing solutions. It also provides best practices and recommendations 

from practitioners on responsibly and effectively integrating these tools into software 

development environments. 

4.6.4 Organizational Factors Strongly Influence Adoption Success 

The findings show evidence that the success rates of the adoption of LLM is dependent on 

the organization; Agile or Scrum-based organizations appear to be realizing higher rates of 

integration compared to more traditional, linear project-approach organizations, resulting 

from their more iterative and adaptive work processes. Furthermore, it can also be 

concluded that smaller organizations (11-200 employees) have adopted these solutions in 

shorter time frames than larger organizations because they have fewer bureaucratic 

restrictions. 

In addition to the organization size, we see that there is also a correlation between the 

industry sector and the rate of adoption. Those in web development and SaaS have had the 

greatest success in their early stages of adopting LLM, which is attributable to their level 

of maturity when it comes to adopting automation as part of their overall practices. 

Likewise, we see that those who are in roles such as DevOps or QA engineer have been 

responsible for the earliest successful adoptions of LLM due to their previous knowledge 

and experience working with automated tools. The results related to the adoption and 

responsible use of LLM-assisted tools in software testing are presented in figure 4.10. 

 

Figure 4.10. Adoption and Responsible Use of LLM-Assisted Tools in Software Testing 

(RQ4) 
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Many respondents (31%+) indicated that resource and cost limitations will be important 

factors when considering whether or not to successfully implement LLM-assisted testing. 

Interview insights further confirmed some variation existed in policies within organizations 

with some organizations able to foster an environment for experimentation using AI tools 

while other organizations have very stringent regulations concerning their use. Ultimately, 

the results of this research indicate that the successful implementation of LLM-assisted 

testing relies heavily on the structure, culture and available resources of an organization 

rather than the technical capability of the technology. 

4.6.5 Chi-Square Tests of Independence 

Chi-square tests of independence were conducted to examine whether LLM usage 

frequency varied significantly by practitioner experience level and by organisation size. 

Neither test yielded statistical significance: Experience x Usage ( 2 (16) = 13.65, p = .625) 

and organization size x Usage (2 (16) = 10.55, p = .837). These results indicate that LLM 

adoption frequency in the current sample is not contingent upon practitioner seniority or 

organisational scale, suggesting that LLM tools have achieved a degree of accessibility and 

attractiveness that transcends experience and organisational context. It is acknowledged, 

however, that the small sample size and the consequent low expected cell counts in several 

cross tabulation cells limit the power and interpretability of these chi-square tests. The 

results should be treated as exploratory. 

4.6.6 Organizational and Human Factors in Adoption 

The results show that the organization’s setting has a huge influence over the success of an 

Adaptor, with traditional organizations having higher success rates than agile 

organizations, while smaller teams and those with technical expertise (like DevOps and 

QA) will also have a better adaption/integration rate. 

Secondly, there are many barriers to an organizations ability to adopt and integrate 

solutions like LLM through cost constraints, governance policy and lack of training. A 

particular area of concern is that many organizations do not provide practitioners with 

structured training programs, which leads to many practitioners relying on self-learning to 

develop understanding; this inconsistency in practice causes practitioners to not use LLM 
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to their fullest potential, therefore, limiting the amount of value to be gained through the 

adoption of LLMs. 

Overall, the research indicates that the challenges of implementing LLMs into the 

workplace are more than technical issues alone and are just as much about people and 

organizations. 

4.6.7 Integration Challenges and Organizational Readiness 

Integration of LLM tools into formal development workflows is still low despite high 

adoption rates, as evidenced by fewer than half of respondents effectively integrating them 

into their CI/CD pipelines and testing frameworks.  

The gap between the two reflects both technical and organizational barriers. Technical 

barriers to seamless integration include compatibility issues with existing tools and 

frameworks while cost constraints, governance policies and lack of standardization 

represent the organizational barriers. 

The findings suggest that successful integration requires more than just tool availability. It 

depends on: 

 Organizational readiness  

 Process alignment  

 Technical infrastructure  

 Skill development  

Organizations that adopt structured workflows and controlled usage strategies appear to 

achieve better outcomes compared to those relying on ad hoc experimentation 

4.6.8 Trust, Accuracy and the Human-in-the-Loop Paradigm 

The importance of trust emerged as a central theme throughout the quantitative and 

qualitative findings. Concerns about hallucinations, erroneous outputs and unpredictability 

have a significant impact on the decision to adopt a technology. The high percentage of 

participants with trust-related concerns indicates that reliability remains a significant 

barrier to deeper integration. 
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The interview data help to further contextualize this phenomenon, showing that 

practitioners are hesitant to rely on the outputs of LLMs without extensive validation. As 

a result, the LLM is creating a new paradigm of a human-in-the-loop, where the output 

generated by the LLM is viewed as a draft and not a final solution. Figure 4.10 shows the 

collected data from participants about their trust level on LLM output. 

This shift in paradigm suggests that the use of LLM for testing is intended to be a 

collaborative effort, with human judgment assisting machine-generated recommendations 

rather than replacing human expertise. 

 

Figure 4.11. Trust Levels in LLM-Generated Outputs 

This would help illustrate how a large amount of data supports scepticism and careful use 

of LLM. From a broader perspective this would also confirm what other researchers have 

found in the field around AI implementation by describing how it needs to be explainable 

to build trust with users. Lacking any workable solutions for improving on the above three 

areas, it is unlikely that LLM will develop into complete automation tools to manage testing 

workload. 
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4.7 RQ5 (Integration Challenges, Hybrid Workflows and Emerging Best 

Practices) 

This section covers RQ5, which concerns the integration problems of LLM-based testing, 

the development of hybrid workflows for both humans and machines and current best 

practices used in the implementation process. Contrary to other parts that concentrated on 

the benefits of using AI in software testing, an increase in productivity and the role of 

organizations, this one focuses on implementation and its specifics. In reality, the 

integration process turns out to be quite complicated and requires not only automation of 

testing but also the adaptation of the processes already existing in a certain company, as 

well as taking into account the constraints posed by the current technology and its 

implementation. 

4.7.1 Emergence of Hybrid Workflows and Best Practices 

This study's key takeaway is the emergence of hybrid human-AI workflows as the ideal 

combination for LLM-assisted testing as shown in figure 4.11. Rather than replacing the 

existing processes, LLM are being added as a supporting tool within existing workflows. 

This hybrid approach allows organizations to take advantage of the speed and creative 

generation offered by LLM while mitigating their weaknesses by incorporating human 

validation and industry knowledge. 

The results also demonstrate the need for established workflows. Those who embed LLM 

into formal test processes (such as test planning, task breakdown and validation cycles) 

find they achieve better results compared to those who take an unstructured approach to 

using LLM. 
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Figure 4.12. Conceptual Workflow of LLM-assisted Software Testing with Human in-

loop Validation  

4.7.2 Tool Ecosystem and Market Fragmentation 

The study reveals a fragmented tool ecosystem, with no clear dominance of any single 

LLM platform. Instead, organizations adopt multiple tools simultaneously, selecting them 

based on specific use cases.  This multi-tool strategy reflects both the strengths and 

limitations of current tools. While different tools excel in different areas, none provide a 

comprehensive solution for all testing needs. This fragmentation also indicates that the 

market is still evolving, with ongoing experimentation and innovation. As tools mature, it 

is possible that more specialized solutions will emerge, potentially leading to 

consolidation. 

4.7.3 Contextual Limitations and Domain Knowledge Gaps 

Limitations were found in how well LLM represent domain expertise and project context 

in this research study. These limitations were most evident for complex/specialized 

domains like healthcare, finance and legacy systems. 

Findings indicate that LLM perform well with broader types of tasks but fail to provide a 

complete understanding of tasks requiring a more in-depth understanding of context. This 

trend aligns with how LLM are built and function, given that their training data consisted 
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of vast amounts of general source/database material versus only company-specific 

information. 

A participant wrote in an open-ended question about how LLM tools impacted software 

quality, “Where the LLM have improved/hastened the agile software development it also 

has introduced issues regarding software quality, such as introducing deep down logical 

and architectural errors that are difficult to debug and remain uncaught mainly due to 

insufficient dev reviews. So LLM do improve productivity, but generally for the 

experienced ones.” 

Another participant wrote about a challenge faced using LLM tools quoting “Moreover, 

we have faced some additional challenges that affect LLM usage, such as a lack of context 

(domain knowledge), issues with tokenization in Cursor and a limited context window for 

complex projects.” 

The implications of this limitation are significant. Without domain awareness, LLM-

generated test cases may overlook critical edge cases, reducing their effectiveness in real-

world scenarios. This reinforces the need for complementary approaches such as: 

 Retrieval-Augmented Generation (RAG)  

 Domain-specific fine-tuning  

 Integration with internal knowledge bases  

Ultimately, the findings highlight that context is a prerequisite for quality and current 

LLM tools are not yet fully equipped to meet this requirement independently. 

4.7.4 Critical Insights: Real-World Lessons from Practitioners 

Beyond the structured findings discussed previously, there were several important insights 

generated by interviews with practitioners on LLM tools that provide real-life lessons 

learned. These insights provide more in-depth understanding of how LLM tools work and 

demonstrate that there are additional considerations related to the application of LLM tools 

outside of quantitative measures. 

As noted by practitioners, LLM are valuable in helping to identify "edge cases" and 

"overlooked scenarios".  It can often be difficult for developers to achieve complete test 

coverage for complex systems, especially when developing new features or working with 

specific requirements for certain domains. In addition, a practitioner expressed that “most 
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often edge cases are skipped due to there being so many, especially when developing new 

features, there are a lot of different edge cases that aren't covered as there are so many" 

(P4).  Therefore, LLM tools can play a significant role in assisting humans with their 

reasoning and formally suggesting additional possibilities, thereby improving overall test 

coverage and the quality of the software being developed. 

Practitioners have reiterated the dangers of becoming overly dependent on LLM for 

assistance. More specifically, it has been pointed out that less experienced individuals may 

assign complex tasks to LLM with no proper method of validating their responses before 

utilizing the information that is produced. As stated, "First, we have to recognise some of 

the limitations of these tools at this point. You cannot just have these tools produce an 

extremely complex application in one prompt" (P4). LLM are limited to producing their 

output based on trained datasets and therefore, validating the output produced by each LLM 

requires expert-level domain authority. 

An additional area of concern related to LLM usage by practitioners has been associated 

with the fact that the effectiveness of the tool for completing a task will depend on the 

context in which it is being used. Practitioners consistently identify that the value of LLM 

will vary based on the nature of the specific task, as well as how the tool is going to be 

applied. As one practitioner noted, "Sometimes the LLMs can be very useful, whereas 

sometimes it will require an extensive amount of time to utilise; it is context dependent" 

(P8). In conclusion, this identifies that there must be a realistic expectation, along with the 

ability to develop an appropriate strategy for using LLM. All organisations need to identify 

the scenarios where LLMs are likely to add value before assuming they can be used for 

every purpose. 

Together, these insights reinforce the broader conclusion that LLM-assisted testing is most 

effective when applied thoughtfully, with a clear understanding of both its capabilities and 

limitations. The technology offers significant potential, but its success depends heavily on 

how it is integrated into human workflows and organizational practices. 
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4.8 Implications for Research and Practice 

The findings of this study have several important implications: 

For Practitioners 

 LLM tools should be used as assistive technologies rather than replacements  

 Structured workflows and human validation are essential  

 Investment in training (especially prompt engineering) is critical  

 Tool selection should be use-case driven rather than standardized  

For Researchers 

 There is a need for improved evaluation frameworks for LLM-generated test 

artefacts  

 Research into domain-specific LLM and contextual integration is critical  

 Trust, explainability and reliability remain key research challenges  

 Hybrid human-AI collaboration models require further exploration  

4.9 Discussion of Findings 

On the basis of the quantitative data obtained through the surveys and the qualitative data 

received from the interviews, this part is intended to give an overview of the influence of 

LLM-based software testing on the current industry on the grounds of statistical and 

thematic tendencies, as well as opinions of practitioners concerning the application of the 

technologies discussed, what aspects will be critical for determining their effectiveness and 

when and how they contribute to enhanced software quality. 

4.9.1 LLM Adoption as a Broad-Based Practitioner Phenomenon 

Survey results indicate that 93.6% of responses came from people that use LLM; all 

interviewees confirmed their use of LLM. This indicates that LLM testing is not simply a 

new, small-scale approach but is widely used among technology-related networks in the 

sample. The variety of tools identified (ChatGPT, Gemini, Claude, GitHub Copilot) 

suggests heterogeneity in the market; thus, the decision to adopt tools will be based on fit 
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with specific tasks and not based on one specific tool dominating the marketplace (with 

ChatGPT having 80.9% market penetration). 

4.9.2 The Prompt Engineering Bottleneck 

An aggregation of the survey (highest-rated challenge items) and interview data 

demonstrates that prompt engineering is the main technical barrier to the successful use of 

LLM in testing (e.g., 76% of responses indicating this). This is consistent with the general 

AI literature, which describes prompt development as a skill that takes effort to develop 

(Reynolds and McDonell, 2021). The fact that training was not significantly associated 

with test effectiveness suggests that workplaces have not made a systematic effort to close 

this gap (e.g., p = .171), resulting in analyst-level weaknesses that negatively affect the 

output of LLM-assisted testing. Therefore, the investment in prompt engineering training 

and standardised organisational prompt libraries will produce measurable gains in testing 

effectiveness using LLM. 

4.9.3 The Human-in-the-Loop Imperative 

The most consistent finding across all data sources quantitative and qualitative is the 

perceived necessity of human expert oversight in LLM-assisted testing workflows. The 

highest-rated survey governance item (A4: Human oversight necessary, M = 4.36) and the 

unanimous interview endorsement of mandatory verification (T3: 100%) jointly constitute 

a practitioner-defined requirement for human-in-the-loop design in LLM testing systems. 

This consensus has normative implications: LLM-assisted testing tools should be designed, 

marketed and governed as augmentation tools that enhance rather than supplant 

practitioner judgment. 

4.9.4 Quality Benefits as Conditional Rather Than Absolute 

The concept of “quality impact” from practitioners' perspectives has consistently been 

framed as contingent on the practitioner’s experience level in using an LLM and the 

existence of a well-defined validation process for the LLM use, which are both typically 

required to improve Q1 (quality) measured relative to a Q3 (efficiency) metric; however, 

they do not guarantee improvements in either dimension of performance simply through 

their use (i.e., ISO 90001 suggests that the existence of a QMS will not necessarily result 
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in improved quality level). Some degree of positive correlation can be derived between 

these two constructs (i.e., Q1 and Q3) at r = .614; therefore, the practitioners view that 

there is an overall increase in both dimensions of performance will likely persist. The 

qualitative data support the concept of the LLM being perceived primarily as a multiplier 

of quality; therefore, quality cannot be assumed to be guaranteed with an LLM.  
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5 Discussion  

This chapter is intended to thoroughly explore the outcome of the empirical study of LLM-

supported testing of software. This chapter's purpose is to provide an interpretation of the 

results as they relate to each of the research questions, to connect these findings with 

existing literature and to assess critically the implications of these findings on the body of 

knowledge critically. Unlike the preceding theses, which have all relied mostly on theory 

and prior studies using theoretical analyses instead of actual observations of how LLM 

tools are currently being applied in practice during software testing, this research uses an 

empirical approach to study real-life usage of LLM to test software. Moving from theory 

to empirical evidence will ultimately provide a more complete practical understanding of 

the abilities, drawbacks and adoption of LLM-assisted testing. 

The discussion will begin with a detailed explanation of the critical findings, followed by 

comparing those findings to previous theoretical understanding and the empirical evidence 

that was presented; and finally, address the validity of findings, followed by implications 

of those findings from both the perspective of more traditional researchers and from current 

practitioners. 

5.1 Interpretation of Key Findings 

According to the research conducted by this study, more and more companies are starting 

to integrate LLM-assisted software testing into their operations. The methods used by 

corporations to integrate LLM technology into their operations and the level of integration 

into their respective industries are very diverse. Practitioners reported they frequently use 

LLM technology in generating test cases, debugging and gaining a better understanding of 

code. As a result, the shift towards using LLM technology is evolving from implementation 

primarily as an experimental tool to implementation primarily as a tool that is considered 

to be a practical part of the software development life cycle. However, the manner in which 

practitioners are currently utilizing the LLM suggests that while they are providing value 

to the software testing process, they are not providing comprehensive value in terms of 

completing all aspects of the software testing process independently of human input as the 

sole source of value to the software development life cycle. 
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The most significant finding to emerge from this study is that human verification of output 

produced by LLM has been deemed critical to the successful implementation of LLM 

technology to support software testing. Practitioners expressed a great deal of confidence 

in the use of LLM for multiple functions, though they also expressed a great deal of concern 

regarding the accuracy of the output produced by LLM and, as a result, the need to validate 

and verify the results. Therefore, the results of this study support the assumption that the 

implementation of LLM technology in the software testing process represents part of the 

overall trend toward a collaborative model of work between humans and AI in order to 

produce a superior outcome. In this collaborative model, LLM have the ability to provide 

suggestions and perform redundant tasks while human judgment and expertise provide 

complementary support to those functions. Consequently, the results of this study provide 

additional evidence of the collaborative nature of software testing practices supported by 

LLM as a whole, rather than as a completely automated solution. 

LLM tools add advantages that can also benefit productivity and efficiency, the study 

confirms. The participants in this research stated that LLM tools can help decrease the 

amount of work done by hand, reduce the time needed for testing and improve 

understanding of complex code bases. The level of benefit received from using an LLM 

tool is determined by several different situational variables, such as how well the prompts 

are constructed, the complexity of the system(s) being tested and the level of experience 

held by the developer. Therefore, this implies that there is not one consistent measure 

regarding how effective LLM-assisted testing will be; they become effective depending 

upon how the tools are utilized. 

Along with identifying the benefits associated with using LLM tools for testing, the study 

also found that there are several limitations tied to them that reduce their effectiveness. 

Multiple reports of hallucinations, incorrect outputs and lack of contextual understanding 

were made. These limitations directly relate to the level of trust practitioners have in LLM 

outputs, leading to additional validation work, thereby negating some of the productivity 

gained. There exists a fundamental tension between using LLM-assisted testing tools for 

efficiency versus using them for consistent, reliable outputs. 

The other major conclusion that impacts the quality of software is the influence of LLM. 

Participants said they can help identify defects or improve test coverage; however, it was 

felt that they do not provide the level of reliability needed to replace traditional methods. 
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“They primarily use LLM to provide support with exploratory tests or create the initial set 

of test scenarios; this would then be the basis for refining the tests performed by the tester.” 

Thus, LLM should complement rather than be a substitute for software testing, according 

to this conclusion. 

In addition, the importance of organizational and human aspects affecting the outcome of 

the adoption of LLM was also highlighted. Organizational readiness, having guidance on 

using LLM tools, experience of users and support of management were identified as 

playing a key role in determining how effectively these tools are being employed. The 

study found that in many instances, not having clear policies to use LLM tools or structured 

workflows resulted in uncertainty for practitioners and limited the full benefit that could 

have been realized from LLM tools. Therefore, effective adoption of LLM-Assisted 

Testing is dependent on both the technical capability of the organization and the ability to 

align and manage their use within the organization. 

5.2 Comparison with Prior Thesis (Existing Understanding vs. Empirical 

Evidence) 

The prior thesis created a literature-based and conceptual overview of LLM-assisted 

software testing, concentrating on how these tools could fundamentally change and help 

automate the process of testing and create efficiencies. Additionally, it showed how LLM 

could produce test cases, find defects and improve the quality of the software; this was 

mostly with references to controlled experiments and established academic research. 

Overall, the previous thesis presented LLM as powerful tools capable of decreasing the 

amount of human labour required in testing processes by a significant amount. 

The empirical evidence from the current study provides a much more realistic view of 

supporting and refining the previous assumptions. There are some supporting elements for 

the potential advantages identified in the previous thesis; however, when it comes to actual 

implementation, the use of LLM to aid in testing processes has been limited and more 

conservative than expected. Rather than automating the entire testing process, companies 

seem to be incorporating LLM into only a few areas of their testing procedures. Thus, there 

is a definite gap between expected theoretical uses of LLM and their actual use in the real 

world. 
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The contrasting nature of the previous work and the present findings can be clearly 

identified through interpreting reliability and trust (with reference to LLM outputs). The 

previous thesis provided an acknowledgement of the existence of hallucinated results (or 

technical limits) but did not adequately represent how this impacted actual user behaviour. 

Conversely, these empirical evaluations confirm that trust is one of the key influences on 

decisions to adopt LLM technology and, as such, practitioners will generally not rely upon 

LLM output until they have independently verified it; and consequently, this has a major 

impact on how LLM technology is adopted and used. This indicates that trust is not simply 

a technology issue; it has its roots in human and organisational behaviour as well. 

In addition, while the previous thesis primarily addressed the technical performance and 

efficiencies of LLM, the empirical evaluation has demonstrated how contextual and 

organisational factors provide additional context for shaping adoption outcomes. Namely, 

issues such as challenges with integration into existing workflows, a lack of standard 

practices and the varying levels of ability of practitioners to use LLM technology will 

greatly shape the outcomes of the final successful completion of LLM technology and 

therefore were not well represented in the prior work. Thus, the outcomes of the 

implementation of LLM technology in the real-world involve multiple considerations 

beyond those concerned solely with technology. 

This comparison has shown us a deeper understanding of software quality, LLM-

dependent; whereas the earlier thesis suggested major advances due to the utilization of 

LLM, the empirical evidence has shown these advances should be viewed as small 

incremental changes rather than major transformative changes. In addition, LLM has been 

identified to support testing and therefore increase productivity, but it does not remove the 

overall need for traditional testing methods. This supports the idea that LLM should be 

looked upon as a tool to assist and support the ability of humans. 

Transitioning from a theoretical to an empirical study provides a clearer view of LLM-

assisted software testing. While the earlier thesis provided the possibilities of these 

technologies, this research demonstrates that there are limits to their practical application. 

This parallel comparison illustrates how empirical validation is used to connect research to 

practice. 
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5.3 Threats to Validity 

There are various threats to the validity of the study's results that should be considered 

when interpreting its findings, similar to any other empirical study. The reliability of the 

results is likely to be impacted by the use of self-reported data (i.e., through surveys and 

interviews). Participants could potentially introduce bias by over reporting on the 

advantages of LLM tools or underreporting on the disadvantages of using LLM due to the 

ineffectiveness of their memory. Although triangulation of data sources in order to validate 

findings was used in the study's data collection process, we cannot eliminate the effects of 

the participants' subjective perceptions on the study findings. 

The sampling method used in this study limits the results' ability to be generalized as it 

uses non-probabilistic sampling (e.g., convenience sampling). As a result, the sample was 

not necessarily a fully reflective representation of software practitioners in the larger 

population. Furthermore, individuals with prior experience or a vested interest in LLM 

technology will be more likely to respond positively than respondents without prior 

knowledge or experience with LLM technology. Therefore, the findings of this study may 

not be able to be generalized across all organizations, including those that do not have 

experience with LLM-assisted testing. 

Concerns regarding construct validity exist because the study is based on subjective types 

of effectiveness (perceptions of). Subjective constructs like productivity, trust and usability 

have multiple interpretations based on how respondents perceive these measures. Both 

quantitative and qualitative data can provide additional insight from multiple perspectives 

and enhance the construct's validity. 

Conclusion validity may have been impacted by sample size and response variability. 

While the study yields valuable information from the analysis of the two types of data 

collected, this information is presented as an indicator of trends or insights rather than as a 

definitive conclusion. The rapid pace of change in regard to LLM technologies may further 

suggest that these results could become outdated as tools continue to advance and as do the 

associated work processes. 
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5.4 Implications for Practitioners 

The implications of this research are particularly relevant to any software testing or 

software development practitioner. It would be best if LLM tools would be adopted as 

assistive technology rather than as automated processes. Human verification will still be 

an important phase for the acceptance of LLM generated results. A critical issue will be 

the workflow design within your organization; these workflows need to include a 

validation mechanism (e.g., peer reviews) for checking the information provided by LLM 

tools. 

Organizations need to develop skills related to using LLM tools properly. Practitioners 

must understand how to formulate effective prompts for LLM tools as well as how to 

interpret the responses given by LLM and assess the level of quality of the output from 

LLM tools if they want to gain the benefits of using LLM tools to help them in their testing 

efforts. Organizations should therefore invest in relevant training programs that will 

develop their employees' capability to effectively utilize LLM tools. 

Another implication of this research is that practitioners must establish and follow 

guidelines and policies related to the use of LLM tools. Without a clearly defined 

framework, practitioners may have difficulty identifying the best practice for how to use 

LLM and what types of ethical issues may arise when using LLM. Developing 

organizational policy relative to LLM tools will help ensure a high level of consistency; as 

a result, practitioners will develop trust in the use of LLM tools due to their consistent 

application and responsible use. 

Finally, practitioners should take a phased approach to implementing LLM tools into their 

work. Rather than attempting to roll out LLM tools throughout your entire organization at 

once, it's better to concentrate on putting them first to work in some of your most important 

use cases and then expanding into more use cases after that. This phased implementation 

helps organizations manage risk associated with LLM, while also letting organizations 

track how well they are performing. 

5.5 Implications for Researchers 

The findings of this study suggest several avenues for researchers to further explore in 

terms of LLM-assisted software testing. There is a need for further studies performed in 
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real world settings, instead of conducting only controlled experimental studies that don't 

address complex issues related to using LLM assisted testing in practice. In addition, 

researchers will need to improve LLM output by improving the reliability and 

trustworthiness of LLM produced results. Addressing these problems with hallucinations, 

inconsistencies and a lack of contextual understanding in the LLM models will help 

accelerate their acceptance and widespread use. 

Researchers are also encouraged to look at ways to improve the integration of LLM tools 

into current development processes. Another opportunity for future research to provide 

value is with respect to how humans and AI systems can collaborate. By studying how 

practitioners interact with LLM tools and how trust gets established between practitioner 

and LLM tools, practitioners can better understand how to develop systems that facilitate 

practitioner trust in the use of LLM tools. Additionally, researchers should examine the 

impact of organizational factors and governance on the adoption of AI technologies. 

5.6 Summary of Discussion  

The chapter summarised here provided an in-depth discussion about the conclusions 

obtained from empirical data from software testing with the assistance of LLMs. Although 

LLM technology has been shown to significantly increase productivity and assist in testing 

activities, the current limitations of this technology lead to the conclusion that 

organisations should proceed with caution as they begin to adopt this technology. 

Additionally, comparisons between the findings of this study and the previous thesis show 

that there is a significant gap between the theory of LLM technologies and the actual 

practice of implementing these technologies, which validates the significance of 

conducting empirical studies. Furthermore, the findings from this research study emphasise 

the importance of human-AI collaborative work, organisational readiness and responsible 

use when it comes to maximising the potential of implementing LLM technologies into 

software development. 
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6 Conclusions and Future Work 

This study was conducted to explore how effectively LLMs are used for software testing 

in different industries around the world. Using both quantitative survey data and qualitative 

interview data, the study examined the current state of LLM use in software testing 

including perceived benefits, challenges, adoption factors and quality-related impact. 

Overall, the study found that LLMs are gaining popularity and acceptance in software 

testing as supportive tools that complement, rather than replace, existing testing practices.   

Practitioners have a positive view of LLM tools for test-related assistance particularly in 

areas like test coverage, productivity and code comprehension based on the statistical trend. 

But the findings also indicate that although LLM tools are being actively utilized, complete 

workflow or CI/CD integration is still in its early stages; therefore, they are not yet fully 

incorporated into current industrial testing pipelines. 

The main trend is that the challenges of LLM-assisted testing are linked to reliability, 

prompt quality, trust and verification requirement. In contrast, the respondents showed 

more ambivalence regarding workflow integration, as this was statistically insignificant. 

The study shows that practitioners typically find LLM tools useful for improving software 

quality, test coverage, efficiency and earlier bug detection. However, these benefits still 

depend on comprehensive human validation of LLM-generated outputs before they can be 

trusted in formal testing. 

The most urgent concerns are the integration of ethical AI techniques and the necessity of 

human supervision while organizational support and AI usage guidelines are also 

significant. However, official training was statistically insignificant indicating inconsistent 

across organizations. Effective adoption depends on organizational readiness, governance, 

human oversight, experience and tool capability. 

The finding indicate that LLM-assisted testing works best as a hybrid human-AI workflow, 

in which LLM tools assist with activities like test generation, debugging, documentation 

and edge-case recommendations, while humans remain responsible for validation, 

contextual judgment and final decision making. The trend supports the notion that LLM 

tools enhance rather than replace software testing expertise. 
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The finding also indicate that the limitations of adopting LLM are partly related to training 

gaps and their dependence on historical data. This research also found that current barriers 

to obtaining value from LLM, such as integration barriers, a lack of domain knowledge 

and lack of trust, are not purely technical issues but are indicative of a broader mismatch 

between the current capabilities of LLM and the rapidly changing environment in software 

engineering. The future of software engineering will require continuously updated testing 

strategies that keep up with the rapid pace of change in the software industry. LLMs may 

struggle with domain specific systems, rapidly changing software architectures and 

emerging technologies due to its reliance on patterns, learned from historical training data. 

To address this gap, updated contextual information and human expertise are required.  

The study revealed that productive use of LLMs depends in practitioners’ testing 

knowledge and software engineering experience. It was also found that practitioners had 

significant doubts about the credibility of LLM-generated output, stating that the LLM did 

not adequately encapsulate all the potential scenarios for a particular software use case.  

To conclude, the findings suggest a balanced human-AI approach to software testing 

supported by LLM. Reduced cognitive and manual effort can be achieved by using LLM 

tools to help with test design, problem solving, documentation and analysis of test results. 

However, their output should be treated as draft suggestions rather than the final testing 

output. Experienced professionals are still needed to confirm results, understand system 

behaviour, use domain expertise and ultimately decide on quality. Consequently, this study 

concludes that the best way to use LLMs in software testing is to use a hybrid approach 

where LLMs add to, instead of replace, the knowledge of experienced testers. 

6.1 Future Work 

The further enhancement of the effectiveness of LLM-assisted software testing will depend 

on addressing the limitations and challenges discovered by this study through future 

research. One direction for further work includes improving the contextual capabilities for 

all LLMs with respect to new and emerging technologies, up-to-date software architectures 

and industry-specific use. Current LLMs typically derive their outputs from information 

that was present during their training process; therefore, future research should include 

developing ways to utilize new data and adjust its processing based on the needs associated 

with a particular domain as the need arises. 
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One additional area that requires future research is how to enhance the reliability and 

trustworthiness of the results produced by LLMs. The ability to reduce hallucinations, 

increase certainty and provide explainable results will all be critical to increasing the level 

of confidence exhibited by practitioners that will use LLMs for software testing. 

Integrating verification mechanisms and automated validation processes will reduce the 

workload currently being placed on manual verification, while still maintaining consistent 

standards of quality. 

Further research is required to examine effective techniques to integrate LLM tools into 

existing software development and testing workflow, especially CI/CD environment. 

Research will be necessary to analyse how LLMs will work cooperatively with standard 

test automation tooling and frameworks in order to provide maximum usable value for 

LLMs. 

Future research should examine different forms of human-AI collaborations, inspecting 

how tasks should be allocated between LLM tools and practitioners in various testing 

context. Exploring various types of collaboration can provide valuable insight regarding 

productivity enhancements, quality of the software being produced; also looking at how 

trust levels within the AI systems develops over time as a function in part of the skills and 

training of the individuals collaborating with the LLM technology and the organizational 

practices/principles for utilizing LLM tools. 

Future studies can also explore wider social and ethical issues such as creating a set of 

guidelines, rules, or standards for how to properly utilize LLMs in the field of software 

testing. Continued advancement of this technology makes it increasingly important to 

consider these social and technical types of challenges when trying to achieve a successful 

and sustainable deployment. 
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Appendix 1. Survey Responses 

Appendix 1 presents the detailed survey responses collected from 47 participants in the 

study “Empirical Analysis of LLM Adoption in Software Testing.” The appendix provides 

the raw quantitative and qualitative data that underpin the findings discussed in the main 

chapters. It includes demographic distributions, adoption statistics, perceptions of LLM in 

testing, organizational support and thematic coding of open-ended responses. By 

presenting the complete dataset, this appendix ensures transparency, supports 

reproducibility and allows readers to examine the evidence base for the study’s 

conclusions. 

Appendix Table 1.  Data Collected in Online Surveys 

Q2. Current Role   

Role Category Count Percentage 

Software Developer 15 31.90% 

QA Engineer 14 29.80% 

DevOps Engineer 4 8.50% 

Test Automation Engineer 3 6.40% 

Software Tester 2 4.30% 

Researcher 2 4.30% 

Other (Manager, Architect, Designer) 7 14.90% 

 

Q3. Years of Experience in Software 

Development/Testing 

  

Experience Range Count Percentage 

0–2 years (Entry-level) 15 31.90% 

3–5 years (Junior-Mid) 18 38.30% 

6–10 years (Mid-Senior) 9 19.10% 

11–15 years (Senior) 2 4.30% 

15+ years (Lead/Principal) 3 6.40% 

 

Q4. Industry Sector   

Sector Count Percentage 

Web Development 12 25.50% 

SaaS 10 21.30% 

Healthcare 5 10.60% 

Finance/Banking 5 10.60% 

AI Development 5 10.60% 

Government 3 6.40% 

Other (E-commerce, Telecom, etc.) 7 14.90% 

 

Q5. Organization Size   

Company Size Count Percentage 

1–10 employees (Micro) 4 8.50% 

11–50 employees (Small) 16 34.00% 

51–200 employees (Medium) 14 29.80% 

201–1000 employees (Large) 5 10.60% 
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1000+ employees (Enterprise) 8 17.00% 

 

Q6. Geographic Distribution   

Region/Country Count Percentage 

Pakistan 16 87.20% 

Finland 2 4.30% 

Other (Qatar, Saudi Arabia, Australia) 29 8.50% 

 

Q7. Development Methodology  

Methodology Count Percentage 

Agile/Scrum 25 53.20% 

Hybrid 11 23.40% 

DevOps 8 17.00% 

Waterfall 1 2.10% 

 

Q8. Involvement Level (1=None to 5=High)  

Level Count Percentage 

(1) Minimal 2 4.30% 

(2) Low 6 12.80% 

(3) Moderate 13 27.70% 

(4) High 17 36.20% 

(5) Very High 9 19.10% 

 

Q9. Types of Testing Performed  

Testing Type Count Percentage 

Unit Testing 28 59.60% 

API Testing 28 59.60% 

Test Automation 27 57.40% 

Regression Testing 21 44.70% 

Performance Testing 22 46.80% 

Integration Testing 20 42.60% 

UI Testing 16 34.00% 

System Testing 15 31.90% 

Security Testing 7 14.90% 

 

LLM ADOPTION STATUS  

K. Currently Using LLM Tools  

Status Count Percentage 

Yes, regularly 22 46.80% 

Occasionally 9 19.10% 

Experimenting 8 17.00% 

No but planning 5 10.60% 

No 3 6.40% 
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L. LLM Tools Used (Multi-select)  

Tool Count Percentage 

ChatGPT (OpenAI) 34 72.30% 

Claude (Anthropic) 26 55.30% 

GitHub Copilot 22 46.80% 

Gemini (Google) 20 42.60% 

Internal Company AI 9 19.10% 

 

M. LLM Testing Activities (Multi-select)  

Activity Count Percentage 

Test Case Generation 32 68.10% 

Documentation 27 57.40% 

Code Review 24 51.10% 

Debugging Assistance 24 51.10% 

Test Automation Scripting 23 48.90% 

Test Data Generation 22 46.80% 

Bug Report Analysis 19 40.40% 

Requirements Analysis 13 27.70% 

 

POSITIVE PERCEPTIONS (1=Strongly Disagree to 5=Strongly Agree) 

Question Avg 

Score 

SD Interpretation 

N. LLM tools help generate test cases faster 4.1 0.87 Agree 

O. LLM improve productivity in testing tasks 4 0.83 Agree 

P. LLM integrated into workflow (CI/CD) 3.6 1.03 Neutral 

Q. LLM help understand complex 

code/requirements 

4.2 0.92 Agree 

R. LLM help improve test coverage 4 0.89 Agree 

    

NEGATIVE PERCEPTIONS / CHALLENGES    

S. LLM outputs contain incorrect/misleading test 

cases 

3.9 0.93 Neutral-Disagree 

T. Difficult to trust accuracy of LLM results 3.6 0.99 Neutral 

U. Data privacy/security concerns limit LLM usage 3.9 1.06 Neutral-Disagree 

V. LLM tools lack domain-specific knowledge 3.4 1.12 Neutral 

W. Integrating LLM into workflows is challenging 3.3 1.19 Neutral 

X. Verification requires significant manual effort 3.6 1 Neutral 

Y. LLM produce inconsistent outputs 3.9 0.98 Neutral-Disagree 

Z. Cost/resource limitations affect adoption 3.8 1.06 Neutral-Disagree 

AA. LLM struggle with project-specific context 3.3 1.06 Neutral 

AB. LLM tests miss important domain-specific 

scenarios 

3.5 1 Neutral 

AC. LLM dont understand complex system 

architecture 

3.3 1.19 Neutral 

AD. Integration with testing frameworks is 

difficult 

3.1 1.09 Disagree 

AE. LLM tools dont fit into CI/CD workflow 3.2 1.12 Neutral 

AF. Lack of integration reduces usefulness 3.6 0.99 Neutral 

AG. Writing effective prompts is difficult 3.2 1.27 Neutral 

AH. Results depend heavily on prompt quality 4.5 0.92 Agree 
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AI. Lack of prompt engineering skills limits 

effectiveness 

4.2 0.94 Agree 

 

Outcome Perceptions    

Question Avg 

Score 

SD Interpretation 

AK. LLM-assisted testing improves software 

quality 

4.2 0.79 Agree 

AL. LLM help detect bugs earlier in development 3.8 0.89 Agree 

AM. LLM tools reduce manual testing effort 4 0.92 Agree 

AN. LLM-assisted testing improves test coverage 3.9 0.85 Agree 

AO. LLM outputs require careful human review 4.3 0.89 Agree 

 

Organizational Support    

Question Avg 

Score 

SD Interpretation 

AQ. Organization encourages AI tool use 4.1 1 Agree 

AR. Guidelines/policies for AI tools exist 3.6 1.07 Neutral 

AS. Training on LLM tools provided 3.3 1.21 Neutral 

AT. Human oversight necessary for LLM outputs 4.5 0.74 Strongly Agree 

AU. Responsible AI use should be part of SE 

practices 

4.3 0.9 Agree 

 
Q18: Biggest Challenges When Using LLM in Testing (32 responses) 

Theme Count Percentage Example Quote 

Hallucinations/Unreliable Outputs 12 37.50% LLM sometimes confidently give wrong 

answers 

Lack of Domain/Context Knowledge 10 31.30% LLM dont understand system clearly 

Prompt Engineering Difficulty 9 28.10% Writing effective prompts is iterative and 

hectic 

Inconsistent Outputs 8 25.00% Same prompt yields different results each 

time 

Data Privacy/Security Concerns 7 21.90% Privacy limitations due to security reasons 

Integration Challenges 5 15.60% Difficulty integrating into existing 

ecosystem 

Cost/Resource Limitations 3 9.40% Cost of APIs 

 

Open Question: Impact on Software Quality (18 responses) 

Theme Count Percentage Key Finding 

Productivity and Efficiency Gains 12 66.70% Reduced manual effort, faster test creation 

Improved Coverage and Quality 10 55.60% Better edge cases, improved debugging 

Requires Human Oversight 8 44.40% Outputs need careful review before use 

Risk of Over-reliance 5 27.80% May introduce bugs if blindly trusted 

Dependency on Prompt Quality 4 22.20% Results heavily depend on prompt 

engineering 

 

Highest Rated Positive Perceptions (top 5) 

1. AH. Results depend heavily on prompt quality (Avg: 4.5/5) 

2. AT. Human oversight necessary for LLM outputs (Avg: 4.5/5) 

3. AO. LLM outputs require careful human review (Avg: 4.3/5) 

4. AU. Responsible AI use part of SE practices (Avg: 4.3/5) 

5. AK. LLM-assisted testing improves software quality (Avg: 4.2/5) 

 

Highest Rated Challenges/Concerns (top 5) 

1. Y. LLM produce inconsistent outputs (Avg: 3.9/5) 
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2. S. LLM outputs contain incorrect/misleading cases (Avg: 3.9/5) 

3. Z. Cost/resource limitations affect adoption (Avg: 3.8/5) 

4. U. Data privacy/security concerns limit usage (Avg: 3.9/5) 

5. AI. Lack of prompt engineering skills limits effectiveness (Avg: 4.2/5) 

 

Adoption Statistics 

Total LLM Users (Regular + Occasional + Experimenting): 39/47 (83.0%) 

Regular Users: 22/47 (46.8%) 

Non-Users (No): 3/47 (6.4%) 
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Appendix 2. Interview Data 

Appendix 2 provides the qualitative data collected from 25 semi-structured interviews 

conducted with software practitioners actively engaged in testing workflows. Participants 

represented a range of roles, including QA engineers, developers, automation specialists, 

DevOps engineers and ML/AI engineers, with an average of 4.6 years of professional 

experience. The interviews were designed to complement the survey findings by offering 

deeper insights into practitioner perceptions, challenges and adoption practices related to 

LLM‑assisted testing. This appendix presents the coded themes, prevalence rates and 

representative quotations that illustrate participant perspectives. By including the full 

dataset, the appendix ensures transparency in the qualitative analysis and supports 

triangulation with survey results and literature review. 

Appendix Table 2. Interview Data Collected 

Total Participants 25 

Average Experience (years) 5.3  

Median Experience (years) 5 

Range Min=1.5 / Max=10+ years 

  

Interview Participants Profile 

Participant 

ID 

Role Work Context Location Industry Context Experience 

P1 DevOps / Software 

Development 
Software house Pakistan 

Software Development / 

Software House 
3 years 

P2 DevOps / Software 

Development 
Software house Pakistan 

Software Development / 

Software House 
3.5 years 

P3 Software 

Development 
Not specified UK Software Development 10 years 

P4 Technology 

Industry 

Professional 

Tech industry UK 
General Technology 

Industry 
5 years 

P5 Freelancer Freelance work Finland Freelance  5 years 

P6 
Scrum Master Visma Solutions Finland 

Software Engineering / 

Agile Delivery 
7 years 

P7 
Automation Tester Not specified Pakistan 

Software Testing / 

Automation Testing 
4 years 

P8 
Product Manager 

Product-based 

company 
UAE Product Management  10 years 

P9 QA Engineer Freelance work Pakistan QA / Freelance Testing 5 years 

P10 Junior QA 

Engineer 
Sprintsynergy Pakistan QA / Software Testing 1.5 years 

P11 
DevOps Engineer 

Development / 

deployment  
Qatar 

DevOps / Deployment / 

Infrastructure 
6 years 

P12 Full Stack 

Developer 
Not specified UAE Full Stack Development 5 years 
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P13 IT Infrastructure 

Engineer 

Nova Care 

Hospital 
Pakistan 

Healthcare IT / 

Infrastructure 
4 years 

P14 
Software Engineer Not specified 

Saudi 

Arabia 
Software Engineering 4–5 years 

P15 
QA Engineer 

Techno House 

Soft Solutions 
Pakistan QA / Software House 6 years 

P16 
Director AI and 

Data 

IBM 

Technology 

Solutions 

UK 
AI / Data / Technology 

Solutions 
10+ years 

P17 
Digital Marketing 

Manager 
Dynamics 360 Canada 

Digital Technology / 

Microsoft Partner 

Ecosystem 

8 years 

P18 

QA Engineer 

Healthcare 

technology 

context 

Saudi 

Arabia 

Healthcare Technology / 

QA 
3+ years 

P19 

Manual Tester 

Manual Testing 

/ Software 

Testing 

Pakistan 
Manual Testing / 

Software Testing 
2 years 

P20 Software 

Developer 

UK-based 

company 
UK Software Development 2 years 

P21 
MLA Engineer 

Inara 

Technologies 
Pakistan 

AI / ML Engineering / 

Technology 
4–5 years 

P22 DevOps / Software 

Development 
Software house UAE 

Software Development / 

Software House 
2–3 years 

P23 Associate SQA 

Engineer 

Venture 

International /  
UAE SQA / Consultancy 5 years 

P24 Software 

Automation 

Engineer 

Software 

Automation / 

Testing 

Canada 
Software Automation / 

Testing 
6+ years 

P25 Automation 

Engineer 
Netsol  Pakistan 

Automation Engineering 

/ Software Testing 
6 years 

 

Experience Level Distribution  

Junior/ Early-career (0-2 years) 3 

Mid (>2-5 years) 13 

Senior/ Experienced (6+ years) 9 

Total 25 

 
Top Roles  

QA/ SQA Engineer 5 

Software Developer 4 

Automation / Manual Testing Roles 4 

DevOps/Cloud Engineer 3 

Infrastructure / Deployment Roles 2 

Product / Scrum / Agile Roles 2 

AI / Data / ML Roles 2 

Other Technology / Freelance / Digital Roles 3 
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Metric Value Percentage Notes 

Total Participants 25 - All from Tech organizations 

AI/LLM Users 25 100% All participants currently using LLM 

Trust Issues Reported 23 92% High prevalence across participants 

Incorrect Outputs Experienced 20 80% Significant concern area 

Privacy Concerns Expressed 17 68% Major adoption barrier 

Integration Difficulties 12 48% Technical integration challenges 

Manual Verification Required 25 100% Universal agreement 

Quality Improvement Believed 21 84% Majority positive outlook 

Overreliance Risks Acknowledged 20 80% High awareness of risks 

Edge Case Benefits 18 72% Strong LLM contribution 

Test Coverage Improvement 19 76% Perceived enhancement 

Documentation Assistance 10 40% Moderate benefit area 

CI/CD Integration Achieved 22 88% High adoption rate 

LLM Usage Start (2019-2020) 4 16% Early adopters 

LLM Usage Start (2021-2023) 10 40% Growth period 

LLM Usage Start (2024-2025) 4 16% Recent adopters 

Year Not Specified 7 28% Unknown timeline 

 


