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This thesis investigates how professional test automation (TA) engineers perceive the 

impacts of cognitive load and trust in artificial intelligence (AI) when utilizing large 

language model (LLM) based generative artificial intelligence (GenAI) tools as part of their 

daily workflows. While GenAI technologies are becoming increasingly popular in the 

software industry, study considering the impacts on TA remains limited.  

Gathering data through 10 TA engineer participants and using thematic analysis, this study 

identifies themes considering positive and negative cognitive impacts, such as mental 

offloading and increased motivation, along with data suggesting cognitive strain and 

frustration. TA engineers reported high skepticism towards AI generated recommendations 

but generally felt the tools beneficial as part of their workflows. The trust towards AI was 

described as conditional and context specific, where participants highlighted a constant need 

for AI output verification. The AI tools were preferred in routine tasks such as debugging, 

scripting and documentation, and were considered to be useful in tasks requiring large data 

processing where human capabilities could be seen as a limiting factor.  



The results contribute to a deeper understanding of how GenAI tools are perceived by the 

professionals using them in real-world contexts and offer theoretical implications for AI tool 

design, adoption and further research.  
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Tämä diplomityö tutkii, miten testiautomaatioinsinöörit kokevat kognitiivisen kuormituksen 

ja tekoälyluottamuksen vaikutukset käyttäessään laajoja kielimalleja hyödyntäviä 

generatiivisia tekoälytyökaluja osana päivittäisiä työnkulkujaan. Vaikka generatiiviset 

tekoälyteknologiat ovat enenevissä määrin suositumpia ohjelmistoalalla, niiden vaikutuksia 

testiautomaatioon käsittelevää tutkimusta on rajallisesti saatavilla. 

Tutkimuksessa kerättiin dataa kymmeneltä testiautomaatioinsinööriltä ja käytettiin 

temaattista analyysia teemojen tunnistukseen. Teemat käsittelevät positiivisia ja negatiivisia 

kognitiivisia vaikutuksia, kuten henkisen kuorman lievitystä ja lisääntynyttä motivaatiota, 

sekä dataa, joka viittaa kognitiiviseen rasitukseen ja turhautumiseen.  

Testiautomaatioinsinöörit raportoivat korkeasta epäluottamuksesta tekoälyn tuottamia 

suosituksia kohtaan, mutta pitivät työkaluja yleisesti hyödyllisinä. Luottamusta tekoälyyn 

kuvailtiin ehdolliseksi ja kontekstista riippuvaiseksi ja osallistujat korostivat jatkuvaa 

tarvetta varmistaa tekoälyn tulokset. Tekoälytyökaluja suosittiin rutiinitehtävissä kuten 

virheenkorjauksessa, skriptauksessa ja dokumentoinnissa. Niitä pidettiin myös erittäin 



hyödyllisinä tehtävissä, joissa käsitellään suuria datamääriä ja joissa ihmisen kykyjä voidaan 

pitää rajoittavana tekijänä.  

Tulokset edistävät syvempää ymmärrystä siitä, miten generatiivisia tekoälytyökaluja 

käyttävät ammattilaiset kokevat ne työelämässä, ja tarjoavat teoreettisia näkemyksiä 

tekoälytyökalujen suunnitteluun, toteutukseen ja jatkotutkimukseen.   
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1  Introduction 

1.1  Background and Motivation 

Generative artificial intelligence (GenAI) tools, especially those utilizing large language 

models (LLM), are becoming increasingly popular in professional software engineering 

industries. While academic research in software development has been steadily increasing, 

the domains of software testing, quality assurance, and test automation (TA) remain 

relatively underexplored, particularly with the industrial context focusing on professional 

test engineers (Karhu, Kasurinen and Smolander, 2025). 

Several studies have begun to explore the effects of GenAI tools on developers’ mental 

processes and task performance. For example, prior research has shown that while these 

tools can increase productivity and reduce perceived mental effort, they may also introduce 

new cognitive demands (Vaithilingam, Zhang and Glassman, 2022; Choudhuri et al., 2024; 

Murnawan, Ghazali and Azzahra, 2024). Studies suggest that developers may apply less 

scrutiny to AI-generated code, especially concerning novice developers, which raises 

concerns about automation bias and over-reliance toward AI generated suggestions (Madi, 

2022; Jalil, 2023). These findings highlight the importance of understanding not just the 

benefits, but also the potential cognitive and trust-related implications of using AI assisted 

workflows in professional work context.  

However, this study shifts the focus from software developers, who have been more 

extensively studied in the context of AI over-reliance and cognitive load, to TA engineers 

who are a specialized subgroup within industrial software engineering. While the tasks of 

TA engineers share some similarities with software developers, for example scripting and 

debugging, they also cover many role-specific responsibilities such as test planning and 

implementation, test suite maintenance, executing regression and performance tests, and 

ensuring overall software reliability.  

Most of the reviewed literature were relying on short-term experiments with non-

professional participants while overlooking real-world factors such as professional 

workflow integration and organizational constraints. The literature also neglected the 



 

experiences of intermediate-level professionals, who represent a significant portion of the 

workforce. These identified research gaps are further discussed in the sub-chapter 3.3. This 

study responds to the gaps by examining the perceptions of professional TA engineers 

through qualitative, real-world data gathered from TA engineer participants by focusing on 

cognitive load, trust formation dynamics, and AI tool integration in daily TA workflows. 

The research provides domain-specific insights that extend beyond the limitations of prior 

studies.  

This study employs a qualitative approach to investigate how professional TA engineers 

perceive the cognitive and trust-related impacts of GenAI tools in their everyday work, based 

on insights gathered through semi-structured interviews. These insights help uncover both 

the challenges and opportunities that GenAI introduces into the TA practices. 

1.2  Thesis Structure 

The thesis is organized into six chapters addressing key concepts of the research: 

1. Introduction: Presents the background, motivation and structure of the thesis.  

2. Methodology: Describes the used scientific methodology, data collection principles 

and the thematic analysis method which was used to analyse the data. 

3. Literature review: Reviews relevant academic literature discussing impacts of AI 

tools in cognitive load, automation bias and trust from software engineering 

perspective.  

4. Results: Presents the key findings from the interview data which is structured around 

the research questions.  

5. Discussion: Interprets and compares the findings with those from the existing 

research, presents the research limitations and suggests future studies.  

6. Conclusion: Summarizes the main findings and concludes the research.  



 

1.3  Research Questions 

The research questions were developed and adjusted for this research based on insights 

learned from the literature review on cognitive load and AI over-reliance and automation 

bias. The research questions address the research gap found in human-AI interaction in 

professional TA context, where domain-specific responsibilities differ from software 

development. This ensures the questions reflect the challenges and practices of TA engineers 

using GenAI tools. The study was guided by the following research questions: 

1. RQ1 - How do test automation engineers perceive the cognitive impact of using 

LLM-based Generative AI tools? 

The cognitive load caused by AI tools among TA engineers has not been studied as 

extensively as it has among software developers. This topic is important to investigate, as 

cognitive load significantly affects the ability to learn new things and make decisions during 

problem-solving (Sweller, 1988). It is essential to understand how AI-assisted workflows 

impact the workload of TA engineers specifically, and how this load can be optimized. 

2. RQ2 - How do test automation engineers develop trust in LLM-based 

Generative AI tools? 

Trust in AI tools affects the effective use and the extent to which their benefits can be fully 

realized. Particularly, over-reliance on AI systems can increase the likelihood of developers 

accepting AI-generated content without sufficient critical evaluation (Vaithilingam, Zhang 

and Glassman, 2022), which may lead to flawed outputs being deployed into production. 

This is especially critical in the context of TA, where faulty tests and misinterpretations can 

lead to existing software bugs, system downtime, and security vulnerabilities. Therefore, it 

is important to study how TA engineers develop trust in LLM-based generative AI tools, 

what factors promote or hinder the formation of trust, and how the trust formation can be 

supported and optimized. 

3. RQ3 - How are LLM-based Generative AI tools integrated into test automation 

workflows? 

It is important to study how LLM-based GenAI tools are integrated into TA workflows to 

understand their actual role and impact in real-world TA development work. It is essential 



 

to identify which tasks these tools are used for, which usage patterns are perceived as 

effective, and what kinds of challenges are encountered during integration. This insight helps 

to identify the areas where AI provides the most added value and where AI resources should 

be focused. Moreover, such research can offer valuable guidance on how TA processes can 

be improved with the help of AI tools. This ensures that the adoption of AI not only supports 

the work of TA engineers but also contributes to software quality in a sustainable and well-

managed way. 

Together, these research questions aim to deepen the understanding of how cognitive and 

trust-related processes shape the use of LLM-based GenAI tools in the context of TA. By 

examining the challenges and opportunities that exist in this domain, the study contributes 

to addressing a notable gap in human-AI interaction in TA context acknowledging the 

distinct responsibilities that differ from those of software developers. Insights from this 

research can guide the design of AI-assisted workflows that are cognitively sustainable, 

include appropriate levels of trust, and enhance the productivity and effectiveness of TA 

practices. 

2  Methodology 

2.1  Research Approach 

This study applies a qualitative research method to investigate how professional TA 

engineers perceive and experience cognitive load and trust when utilizing LLM-based 

GenAI tools in their workflows. Qualitative research method was selected as it is appropriate 

for addressing exploratory “why” and “how” questions that require contextual understanding 

and for investigating social phenomena and experiences of the participants. This kind of data 

is difficult to reduce into numerical format which makes the quantitative method useless for 

the study considering the developed research questions which were designed around the 

question “how”. (Islam and Aldaihani, 2022) 

The qualitative analysis method for the study is thematic analysis from Braun & Clarke 

(2006) which was selected for its simplicity and effectiveness, the statements from the 

participants held distinctive themes in data, and it enabled better interpretation of 



 

experienced feelings and perceptions of the participants than other considered analysis 

methods were able to provide.  

2.2  Data Collection  

The data for the research was collected via semi-structured interviews held individually with 

10 professional TA engineers. Semi-structured interview method was selected because it is 

more flexible when compared to structured interviews and allows follow-up questions to be 

asked from the participants. These follow-up questions let the researcher guide the 

participants during the interview if they start to derail the conversation away from the 

original question and provide a way to gather more in-depth information if the first answer 

to the main question was limited (Islam and Aldaihani, 2022). Semi-structured interviews 

are suggested to be the most useful method in qualitative research data collection by Islam 

and Aldaihani (2022) as it enables comprehensive data gathering.   

The participants recruited for the study were selected based on their diversity in 

demographics, working experience and industry field. The study involved participants 

ranging from novice to expert TA engineers from various industries with gender distribution 

of 30% female and 70% male engineers. All interviews were held online through Microsoft 

Teams. The interviews were recorded and transcribed with built-in Teams feature, and the 

transcriptions were manually processed and corrected afterwards. The questions, without the 

probes, which were asked from the participants can be found from the appendices. 

(Appendix 1) 

2.3  Data Analysis 

The data was analysed following the six-phases of thematic analysis by Braun & Clarke 

(2006) using inductive approach.  

1. Familiarization with the data: All interview transcripts were read multiple times to 

acquire profound understanding and overview of the data. Initial ideas were marked 

down during the process.  



 

2. Generating initial codes: Initial codes (Appendix 2) were generated from the data 

inductively. Qualitative research software Taquette was used for the coding and 

organizing of the data.  

3. Searching for themes: Generated codes were organized in clusters containing 

similar codes using Miro. These clusters formed the themes and sub-themes of the 

analysis.  

4. Reviewing themes: The developed themes and sub-themes were reviewed against 

the codes and whole dataset. Thematic maps were produced (Appendix 3). 

5. Defining and naming themes: The themes and sub-themes were given clear and 

distinctive names to depict the data. 

6. Producing the report: Clear and vivid data extracts were chosen from the data to be 

added to the analysis report. The report was produced in the chapter “4. Results”. 

(Braun and Clarke, 2006)  

The thematic analysis aligned with the research questions which were developed to be 

exploratory, to be able emphasize with the perceptions of the TA engineers rather than 

categorizing the data as is. While the interview questions were defined and created based on 

existing literature, inductive method was used in coding phase for enabling new insights to 

emerge from the data.  

2.4  Ethical Considerations 

The study was conducted following ethical research guidelines. All participants were 

informed about the purpose of the research before their participation. Participation was 

voluntary and participants had the right to withdraw from the study at any time. 

Confidentiality of the participants was assured, and no identifiable information was included 

in the published results. Data gathered from the participants was securely stored and 

managed, and all information mentioning names, organizations or workplace specific 

technologies and practices were censored from the data. Final transcripts were shared with 

each participant, and they were given the opportunity to comment on it.  



 

Ethical AI tool use was practiced during the research. GenAI tool ChatGPT 4o was used for 

general structuring, brainstorming, proof-reading and language management. All academic 

analysis, critical thinking, and final writing decisions were conducted independently by the 

author. 

3  Literature Review 

This chapter introduces and reviews existing literature related to cognitive load and over-

reliance in GenAI tools in the software engineering field. While TA engineering is a 

specialised and important sub-area of software development, there is a lack of research 

addressing cognitive load, trust and over-reliance aspects of GenAI tools in this domain 

specifically.  

To address this gap, studies selected for the literature review were from a broader spectrum 

within software engineering field studying human-AI interaction with results that may also 

be applicable to TA engineers. The search terms were designed to target the intersection of 

cognitive psychology, more specifically cognitive load theory, and automation bias. The 

primary search engine used to find the literature were LUT Primo and Google Scholar. The 

search queries used were as follows:  

("Cognitive Load Theory" OR "cognitive load") AND ("test automation" OR "software 

engineering" OR "software development") AND ("Generative AI" OR "AI" OR "Large 

language model")  

("automation bias") AND ("test automation" OR "software engineering" OR "software 

development") AND ("Generative AI" OR "AI" OR "Large language model")  

("automation bias" OR "automation-bias") AND ("over-reliance" OR "over reliance") AND 

("test automation" OR "software engineering" OR "software development") AND 

("Generative AI" OR "AI" OR "Large language model") 



 

 

Figure 1 PRISMA Flowchart 

Figure 1 shows the PRISMA statement (Moher et al., 2010) for studies selected for the 

literature review. The exclusion criteria for the studies considered non-English publications, 

pre-research papers and studies unrelated to GenAI, software engineering, or test 

automation. The inclusion criteria included empirical studies with quantitative, qualitative, 

mixed-method and experiment methods addressing cognitive load and automation bias in 

the context of GenAI in the software field. The selected papers were ranging from 2013 to 

2025, with an emphasis on studies published between 2021 and 2025, reflecting the period 

when AI tools have gained popularity. The papers providing insight into to scope of 

cognitive load and automation bias were from 2006 and 1988.  



 

3.1  Cognitive Load 

This section discusses GenAI literature in software development from a cognitive load 

perspective and examines evidence of the impacts and mechanisms of cognitive load. 

Cognitive load theory was proposed by John Sweller (1988), and it explores the limitations 

of working memory and how it impacts learning and problem solving. According to 

cognitive load theory, cognitive load can be categorized into three types: intrinsic, 

extraneous and germane cognitive load (Sweller, 1988). 

• Intrinsic load considers the difficulty level of the task. 

• Extraneous load considers the way information is presented. 

• Germane load considers the mental effort used to organize and process information 

and construct schemas. 

When GenAI tools are used to support information work, such as software development or 

TA, it is important to understand the impacts and mechanisms of cognitive load. While AI 

tools have the ability unload mental burden and help the individuals with problem solving, 

they can also decrease the active thinking and interfere with schema construction, and in 

some situations increase extraneous load. Cognitive load theory suggests that in an optimal 

scenario supporting learning extraneous load is minimized and intrinsic load is managed so 

that germane processing capacity is maximized (Sweller, 1988). 

Decreased Cognitive Load 

Several studies have found that GenAI tools can reduce cognitive load during software 

engineering and decision-making tasks. Empirical evidence from experimental research 

using biometric data supports the reduced cognitive load. For example, when participants 

interacted with an e-recruiting system supported with AI assistance, the eye-tracking data 

covering pupillary responses and eye-movements suggested significant cognitive load 

reduction compared to the non-AI system (Buettner, 2013).  

A practical implication of AI support can be seen in performance and job satisfaction 

outcomes. Software developers who utilize GenAI tools as part of their workflows have been 

reported to perceive decreased cognitive load and increased happiness. According to a study 

by Murnawan et. al. (2024), routine tasks such as documentation and code generation 



 

improved the developers’ completion time up to 55% while more demanding tasks the 

improvement was up to 10%. Better performance and reduced mental effort contribute to 

higher job satisfaction and improved mental states during work.  

The way how AI tools are implemented and used within the workflows can have an influence 

on the impacts in developers’ cognitive load. Structured AI supported workflows which 

involves active user interaction and validation of AI-generated content refining the output 

appears effective in reducing cognitive load. In one study the developers interacted with 

three different workflows, called TiCoder, with varying levels of required user involvement 

(Fakhoury et al., 2024). When the developers used the two most interactive flows refining 

the output through user validation, TICODER-PASSFAIL and TICODER-OUTPUT, they 

experienced reduced cognitive load, stress and task completion effort, while the latter option 

also increased the performance.  

Another important factor indicating decreased cognitive load is how much attention the 

developers direct towards AI-generated code. When developers rely more on the AI 

generated content and show less scrutiny, their mental and cognitive effort tend to decrease. 

For example, reduced eye fixations and less examining the code were observed from the 

developers who used GitHub Copilot when they were compared to a control group who 

worked as human-human pair programmers with similar task complexities (Madi, 2022). 

Interestingly similar findings have been observed when software engineers utilized Google 

Bard as part of their workflows. Developers reported less mental burden and increased 

productivity, particularly in situations when they showed blind trust towards AI suggestions 

and copy-pasted generated code without deeper engagement (Qian and Wexler, 2024). 

However, their actual productivity and time spent on tasks were increased which was in 

contradictory to the experienced performance (Qian and Wexler, 2024).  

Increased Cognitive Load 

In contrast to the cognitive load benefits from GenAI tools, research evidence suggests that 

these tools can cause mental strain if aligned poorly with the users’ expectations, tasks or 

experience level. For example, GenAI tools can inflict friction rather than support in learning 

of novice level programming environments. In a controlled experiment with software 

engineering students, the use of ChatGPT was shown to increase mental demand and 

introduce higher stress levels when compared to the mental load of the control group using 



 

non-AI online resources (Choudhuri et al., 2024). In the same study, no notable differences 

in productivity between the study groups were found. The finding of increased mental effort 

without productivity increment in student and novice software engineering setting highlights 

that AI tools are not always meaningful options especially for more novice engineers.  

GenAI tools can cause increased cognitive load when they interrupt the engineer’s own 

workflow with outputs and suggestions. Long code-snippets generated by AI tools such as 

CoPilot make developers constantly toggling between reading and writing, which interrupts 

flow and demands frequent attention shifting leading to higher mental load as resulted in a 

study by Vaithilingam et al. (2022). Developers preferred CoPilot supported development 

over non-AI IntelliSense auto-completion tool even though there were no significant 

performance benefits (Vaithilingam, Zhang and Glassman, 2022). Paradoxically the AI tool 

can be perceived useful even with proven increased mental load and no clear performance 

benefits.  

Advanced AI features such as AI transparency can introduce unintended increased mental 

load for users. AI systems providing detailed information about the reasoning and 

intermediate steps of the workflow effected the users by increasing their mental effort and 

load (He et al., 2025). In a large-scale experiment of 233 participants, four AI workflows 

with increasing interaction requirements and transparency were tested. The most cognitively 

demanding flow, called MSTworkflow+, provided the highest transparency and required the 

most interaction by asking the usefulness of each step in the flow, which was shown to be 

cognitively burdensome for people with prior LLM and fact checking expertise, as well as 

familiarity with trust in automation (He et al., 2025). While multi-step transparent workflows 

were meant to increase AI trust, they ended up amplifying cognitive load.  

Adding further nuance to the existing findings in the review, some studies resulted in mixed 

outcomes where AI tools increased productivity and simultaneously increased cognitive 

load. While GenAI tools were proven to accelerate development processes and knowledge 

acquisition (Jain et al., 2022; Nguyen-Duc et al., 2023; Liang, Yang and Myers, 2024; 

Murnawan, Ghazali and Azzahra, 2024), their inconsistency in outputs with same prompts 

introduced mental burden when used as pair-programmers, as they increased uncertainty and 

required additional effort in output verification (Jalil, 2023). While experienced developers 

were found to benefit the most out of the AI tools for their domain knowledge, the context 

switching was found to increase their cognitive load (Vaithilingam, Zhang and Glassman, 



 

2022; Jalil, 2023). The findings in the studies suggest that even sophisticated and productive 

AI tools can cause mental strain if not seamlessly integrated into the workflows.  

3.2  Over-Reliance and Automation Bias 

This section introduces findings of AI tool over-reliance and automation bias from existing 

research in the software development field. As AI tools are becoming more popular and 

utilized in the professional field of software engineering, the importance of acknowledging 

and understanding trust mechanisms, AI over-reliance and automation bias increases. 

Over-reliance of automated systems, such as GenAI tools, occurs when the users excessively 

trust and use the systems without critically thinking and considering the consequences. The 

phenomenon is closely linked to automation bias where users have a tendency to accept 

suggestions and actions from automated systems without verification which can lead to 

errors. Over-reliance is dependent on the user’s trust towards the automated system which 

modulates the willingness use to these systems in the first place. Users are more likely to 

rely on an automated system when their trust in it is high, and this trust is primarily shaped 

by the system’s perceived reliability of the system. (Parasuraman and Riley, 1997) 

Skill Level 

A growing body of study results highlights that developer’s expertise level influences and 

shape the interaction and reliance in GenAI tools. In particular, the less experienced 

developers are found introducing over-reliance on AI generated outputs especially in 

situations where they seem superficially correct. In a review and analysis study of CoPilot 

as development assistant by Moroz et al. (2022), novice developers were shown to more 

likely accept AI generated output at face value even when the suggestion was potentially 

harmful. This raises concerns since prior findings resulted in approximately 40% CoPilot 

generated code outputs including design flaws and exploitable security vulnerabilities (Chen 

et al., 2021).  

Building on these findings and reinforcing the pattern, more studies suggest that lower skill 

level of the developer tend to exhibit higher dependence and trust in AI tools (Jalil, 2023; 

Qian and Wexler, 2024). When GenAI tools are used a pair-programmers, their ability to 

understand the intended context from the user’s input is limited and inconsistent which is an 



 

issue with novice developers who are less capable, when compared to more experienced 

counterparts, to use their domain knowledge as part of the prompt to get more accurate 

results (Jalil, 2023). Interestingly a contradictory finding from a study by Qian and Wexler 

(2024) suggested that novice developers had a higher performance on correctly trusting AI 

when compared to more experienced developers. However, proven in the same study the 

novices were more influenced by the AI and misleading outputs than experts who better 

understood when to distrust wrong outputs.  

Less Scrutiny of AI Output 

Another factor contributing to AI over-reliance is the reduced scrutiny applied towards AI-

generated code. Several studies suggest that developers express lowered scrutiny with AI 

generated content indicating automation bias (Madi, 2022; Vaithilingam, Zhang and 

Glassman, 2022). Evidence gathered from an experiment by Madi, N (2022) reveals that 

developers who were using GitHub Copilot made fewer eye fixations and spent less time 

with code reviews when compared to control group working as human-human pair-

programmers, indicating blind AI trust. Findings also revealed that some developers skipped 

AI output validation completely.  

A similar phenomenon was also reported by different mixed method research suggesting that 

60% of failed tasks had a root cause of malfunctioning AI generated code. In addition to the 

findings in the quantitative data, the qualitative data revealed 8 cases where participants 

accepted AI output without validation. (Vaithilingam, Zhang and Glassman, 2022) 

Transparency 

The AI over-reliance is also linked to how AI transparency is designed and perceived by the 

users. In a multi-step AI workflow study, the participants exposed to global transparency in 

the intermediate steps showed increased agreement factor and non-significantly increased 

switch fraction indicating increased AI reliance when compared to control group (He et al., 

2025). The MST-GT flow, where participants could check second-phase intermediate steps, 

and MSTworkflow+, which decomposed the steps and material while requiring users to 

comment on the usefulness, also resulted in significantly lower relative positive self-reliance 

indicating a tendency toward AI over-reliance (He et al., 2025).  



 

3.3  Research Gaps 

Several recurring research gaps were identified from the literature review. These gaps 

highlight important limitations in the understanding of GenAI impacts of cognitive load and 

over-reliance and indicate specific areas where further investigation is required. Some of 

these gaps were directly identified from the scope of the reviewed studies, while others were 

explicitly acknowledged by the original researchers as limitations or directions for future 

work. 

A recurring limitation across the reviewed studies is their short-term scope, with most of 

them relying on single sessions or self-reported surveys. While these methods offer insight 

into the phenomena of GenAI effects on engineers’ cognitive load and AI over reliance, they 

lack in understanding the long-term impacts of GenAI usage in skill development and trust 

formation (Määttä, 2024; Qian and Wexler, 2024). 

Another key limitation in the reviewed literature is the predominance of research conducted 

in controlled laboratory settings relying on non-professional participants and artificial tasks. 

While these conditions enable precise measurements and control for the researcher, they do 

not compare to the real-world professional software engineering context which considers 

variables such as team collaboration and management, organizational constraints and 

production level risks. This gap was directly addressed by Nguyen-Duc, A. et al. (2023): 

“Almost all of the existing studies on the topic are mostly experimental studies and thus do 

not take into consideration the industrial context.” 

An additional limitation observed in the reviewed literature is the tendency to group various 

GenAI tools together without accounting for their unique capabilities, interaction designs 

and limitations. Differences in transparency, interaction design and AI model maturity 

between tools like GitHub Copilot, ChatGPT, and Bard suggest that user outcomes and 

experiences may vary based on the used platform. Qian and Wexler (2024) point out this 

concern in their research considering AI tool Bard, noting that some findings may reflect 

tool-specific behaviour rather than general trends in AI-human interaction. 

The reviewed literature reveals a notable gap in research concerning intermediate-level 

professionals who are not either novice or experts in their field. This oversight limits the 

understanding of how intermediate professionals adapt GenAI tools in practice, including 



 

how they balance reliance on AI-generated suggestions with their developing domain 

knowledge, and how the dynamics of trust formation differs between all skill levels. Jalil 

(2023) explicitly identifies this gap, arguing that intermediate skilled software engineers 

represent the largest group of professionals and yet the majority of the studies concern 

novice-expert GenAI dynamics. Addressing this gap is crucial for increasing understanding 

and building AI systems that accommodate the full spectrum of real-world users. 

Emerging findings suggests that AI interaction mechanisms, particularly those supporting 

structured workflows and task decomposition, can significantly increase user’s performance 

with GenAI tools. For example, Vaithilingam, P. et al. (2022) observed that when users 

broke down complex tasks into simpler sub-tasks, their performance and user experience 

improved. Despite these promising insights, the phenomenon remains underexplored in 

empirical research, especially in professional software engineering contexts. 

4  Results 

The results section is organized around the three research questions guiding the study. The 

answers to these questions are found in the themes and sub-themes, presented in the table 

(Table 1) below, which are analysed and supported by relevant quotes from the participants. 

Thematic maps (Appendix 3) provide the visual structure for each theme.  

Table 1 Themes and sub-themes 

Theme Sub-Theme 

Emotional and Cognitive 

Impact of AI Use 

Decreased Cognitive Load 

Emotional and Physical Benefits of AI Support 

Increased Cognitive Load 

Frustrations from Output Quality and Interaction 

Trust, Skepticism, and 

Verification Practices 

Factors Influencing Conditional Trust in AI 

Strengthening Trust Through Active Verification and 

Engagement 

Decline of Trust Due to Errors, Limitations, and Inaccuracies 

Efficiency and Workflow 

Dynamics 

Workflow Acceleration through AI Integration 

Productivity Trade-offs and Attention Challenges 



 

Dynamic AI Integration in Development Environments 

AI Usage in Test 

Automation 

AI for Development and Test Data Automation Tasks 

AI as Backup and Knowledge Assistant 

Specific AI Tools in Practice 

AI Limitations and Risks Limitations in AI Contextual Understanding 

Risk of Over-Reliance and Degraded Skills 

Human Judgment as Irreplaceable Component 

4.1  Impacts on Cognitive Load and Mental Effort 

This section analyses how GenAI tools impacted TA engineers’ cognitive load and answers 

the RQ1: “How do test automation engineers perceive the cognitive impact of using LLM-

based Generative AI tools?” The cognitive impact of using GenAI tools in TA was found to 

have mixed results on the engineers. Some TA engineers reported AI tools impacted in 

decreased cognitive load and eased mental workload while others felt cognitive strain. The 

felt cognitive impact appears to be conditional, and the effects vary based on task 

complexity, AI output correctness, and the engineer’s experience with both AI tools and the 

testing domain. The answer for the question on how the cognitive impact is perceived is 

reflected in three theme categories:  

1. Emotional and Cognitive Impact of AI Use (primary theme for the question) 

2. Efficiency and Workflow Dynamics 

3. AI Limitations and Risks 

 

Theme: Emotional and Cognitive Impact of AI Use 

The theme involves mixed reports of the cognitive effects of AI had on the engineers. In the 

same interview, many participants gave answers on both increased and decreased cognitive 

load. The explanation for the variance can be explained by the situations where they felt their 

cognitive and mental load to be either increased or decreased. When AI was perceived to 

help the engineer in their task and not interrupting or interfering with their workflow, the 

cognitive load was perceived to be decreased. On the other hand, when AI gave incorrect 



 

answers and forced the user constantly troubleshoot the output or when it interfered with 

workflow and made the engineer switch context, the AI was felt to increase cognitive load.  

Sub-Theme: Decreased Cognitive Load 

Many participant TA engineers reported GenAI tools decreased their mental effort and 

cognitive load when they compared the AI supported workflow to the time when they were 

not utilizing AI. The decreased cognitive load or evidence suggesting it were often reported 

in answers describing situations where AI unloaded the burden from the engineer and 

automated some part of the TA process with correct output.  

“It a bit decreased my mental effort through the use of Cursor because like I said, I feel a 

bit less attached to the code because this is something that an agent is writing and all I 

care about are the end results do all the tests pass and is the coverage sufficient.” (Senior 

Test Automation Engineer, Expert) 

“It's less frustrating to fix failures or trying to fight through the causes of errors when 

using the Copilot, because it's faster, it's a bit more efficient, so I don't feel so frustrated 

when things are not working.” (System Test Automation Engineer, High Intermediate) 

“For the tool, I think it's an easy task, but I would just I think that I would get tired at some 

point and then I think that I could have like some number twice there, even though it 

should be unique. So, I just if it's a simple repetitive task I find myself that I'm getting tired 

quite fast so. And then when I get tired, I do error.” (Test Automation Consultant, Expert) 

Sub-Theme: Emotional and Physical Benefits of AI Support 

Participants reported AI driven workflow to boost their motivation and excitement when 

they felt AI tools were complementing their work efficiency. AI tools were perceived 

providing more space to think, making it easier to start new tasks, and even alleviating 

headaches caused by cognitive work.  

“I think I'm much more excited about the process and... or I mean progress because it in 

some ways AI can really speed things up and create some very nice results in very short 

time, so that boosts your excitement.” (Associate Software Engineer, Novice) 

“But yeah, it feels like instead of staring at my screen, writing some code and trying to figure 

out why it doesn't work, it was much more, how to say energy consuming, and I could feel 



 

headaches and such that. At the moment I don't feel it anymore so much because of using 

ChatGPT” (Test Automation Consultant, Expert) 

Sub-Theme: Increased Cognitive Load 

The common cause among the participants for increased cognitive load in AI driven 

workflows was the fundamental way how AI generated content was used and verified. The 

reports were more common when dealing with AI assistants like Copilot or ChatGPT rather 

than AI agents like Cursor. The cognitive load was felt increased by some engineers every 

time there was double checking or verification of the AI output. The verification of AI output 

was reported to happen every time AI was used by all participants, but not all participants 

reported it having increased cognitive load effect.  

“It <perceived cognitive load>  kind of went up when I was using Copilot or like chat 

ChatGPT just because, well, you can get sort of a solution through a prompt, but then you 

have to do a lot of fixing so you're not fixing one abstract problem, you're fixing two, which 

is the original problem and then the problem that the assistant created.” (Senior Test 

Automation Engineer, Expert) 

“I guess it does <increase cognitive load> because naturally I need to double check or verify 

what are the answers what I get from the AI” (Lead Test Engineer, Expert) 

Sub-Theme: Frustrations from Output Quality and Interaction 

Many TA engineers experienced frustration with AI tools in different contexts. The most 

common cause of frustration was ineffective or wrong output which was either result from 

bad prompting from the user, hallucinations from the AI or knowledge cut-off in the AI’s 

model having outdated information on a topic or completely missing it and causing incorrect 

suggestions. Also the interactions with AI tools were reported to cause frustration when they 

interrupted the engineer and forced them to switch context which will increase the user’s 

cognitive load.  

“Maybe in that sense that they kind of.. sometimes interrupts me with things I don't want it 

to start suggesting me” (Test Automation Consultant, Expert) 

“I was looking for something and the tool told me: “OK, you can use this variable that is 

supposed to exist in this version of this framework”, and that was not the case. So, it of 

course it didn't take too much time to realise that OK, that is not working well, but then 



 

again it... the implementation that I had in mind based on that information. Then I had to 

think about something else that if I would have looked into the documentation of the 

framework all together, I could have seen OK that that variable is not there, I cannot use it, 

so I will think about something else. So that that's a little bit frustrating.” (Test Automation 

Engineer, Expert) 

“So you need to have the knowledge that this this doesn't know all these new things, so you 

need to provide it with documentation and maybe give some more instructions how to 

actually do something in this new way, so that's the most frustrating thing at the moment, at 

least for me and something that need needs really... you need to be sceptical about everything 

basically. To make sure that it's doing its job or helping me with my job in the best possible 

and freshest way.” (Associate Software Engineer, Novice) 

 

Theme: Efficiency and Workflow Dynamics 

The theme involves sub-themes which were developed and grouped from participants reports 

on how GenAI tools impact the workflow, efficiency and how AI tools were dynamically 

utilized in the development environments. It captures how participants navigated both the 

benefits and challenges of integrating AI into their workflows, noting increased speed and 

smoother task initiation but also stating experiences with attention management problems 

and productivity trade-offs.  

Sub-Theme: Productivity Trade-offs and Attention Challenges 

Evidence for cognitive impacts were found under the sub-theme “Productivity Trade-offs 

and Attention Challenges” which discusses how GenAI tools can cause attention challenges 

and not always performing and delivering enhanced speed and efficiency based on the 

context and situation. Some participants reported the enhanced working speed can cause 

them to act careless occasionally which causes reduced attention to detail and indicates AI 

over-reliance. However, the evidence suggesting over-reliance among these participants is 

mitigated with other statements where they expressed continuous AI output verification.  

“Well, of course it leads to just not always being so careful when copy pasting code from 

the results.” (System Test Automation Engineer, High Intermediate) 



 

“At times I'm maybe more concentrated, but then again you tend to move a lot quicker with 

the help of AI tools so then maybe some small details might get unnoticed and that would be 

a result of not... not to concentrate that you're not concentrating enough.” (Associate 

Software Engineer, Novice) 

 

Theme: AI Limitations and Risks 

The theme “AI Limitations and Risks” discusses user reflections on constraints of GenAI 

tools including limitations in the interaction and use, contexts where human element was 

considered to be irreplaceable by AI tools, and risks of over-reliance and degraded TA 

engineering skills.  

Sub-Theme: Risk of Over-Reliance and Degraded Skills 

In terms of cognitive aspects, the sub-theme considers reports from participants being 

worried about how AI tools affect their learning in a long run when they are used to automate 

tasks which previously required engineer’s own thinking and cognitive input. The ease and 

perceived efficiency of using the AI instead of figuring the problem out by the engineer 

themselves was reported as a risk of AI supported workflow.  

“I have to keep my skills evolving thus I often choose to do the task by myself if I see that it 

is something new that I could learn instead of giving ChatGPT to solve it. In these situations 

I feel that ChatGPT has much more knowledge on new topics and it can easily generate the 

solution but that doesn't add up to my own learning curve.” (Test Automation Consultant, 

Expert) 

4.2  Trust Formation in Generative AI Tools 

This section analyses how TA engineers formed and maintained trust towards GenAI tools 

in their work. The themes and sub-themes directly answer to the RQ2 “How do test 

automation engineers develop trust in LLM-based Generative AI tools?” The trust was found 

to be conditional and change according to AI correctness. The common message from all of 

the participants was that AI was no to be blindly trusted in any situation and generated output 

needs constant verification from the engineer. There was reported variance in trust between 



 

different AIs, for example Github Copilot and Copilot were reported to be less trustworthy 

than ChatGPT and Cursor. The themes discussing AI trust formation are:  

1. Trust, Skepticism, and Verification Practices (primary theme for the RQ2) 

2. AI Limitations and Risks 

 

Theme: Trust, Skepticism, and Verification Practices 

The theme involves participant reports on the trust level towards GenAI tools, how trust is 

formed and what factors affect the trust formation. It also discusses the practices TA 

engineers conduct to verify AI output.  

The core finding from the interview data was that TA engineers generally have a tendency 

to verify AI output constantly, have high skepticism on AI correctness and do not possess 

blind AI trust. The situations where AI trust was felt increased were when AI suggestions 

aligned with engineer’s own vision and knowledge, and when AI was perceived to 

outperform human capabilities, for example with processing of large data sets.  

Sub-Theme: Factors Influencing Conditional Trust in AI 

Trust in GenAI tools among TA engineers was found to be conditional and context-sensitive, 

shaped by the individual’s own experience and perceived AI reliability in different scenarios. 

One key driver influencing AI trust was past positive experiences with AI outputs. 

Participants reported feeling more confident with AI suggestions when they aligned with 

their own expectations and knowledge of the domain, indicating that AI is more readily 

trusted in situations where the AI suggestions are used as a form of confirmation.  

Another factor where AI trust was perceived as increased was with processing and filtering 

large quantities of data. AI was felt to surpass human capabilities and was thus trusted more 

often with this kind of tasks. However, the trust was not considered to be blind, but 

conditional and based upon the engineer’s ability to assess the AI's relevance and accuracy, 

underscoring that domain knowledge plays a key role not just in using AI tools, but in 

trusting them responsibly. 

“I do feel more confident if it's a suggestion generated by AI and it allies with what I already 

thought.” (Cloud Software Engineer, Expert) 



 

“If I know that there's like lots of data in the background or like what then eventually comes 

out as AI solution. Then I give it some maybe more like relevancy for the answer, because 

as I know that we… it can like manage the data and then then sort out something reasonable 

from there, and my brains are not like adapted to that so well. So basically, it depends on 

situation, but in that case.” (Lead Test Engineer, Expert) 

Sub-Theme: Strengthening Trust Through Active Verification and Engagement 

Participant TA engineers commonly emphasized that trust towards AI tools and their 

suggestions is not automatic, but it’s formed from critically examining and verifying the 

outputs. Engineers were active players when dealing with AI tools, rather that passively 

taking AI suggestions as they were given. Participants described a process of reviewing and 

validating AI-generated content and suggestions before they were incorporated into the 

solutions that were worked on.  

“I wouldn't trust it that much that I would trust. And it's a best practice overall, so I wouldn't 

argue against that. To like always double check or verify or assure that the… what was the 

output and should I use it or not such.” (Lead Test Engineer, Expert) 

“If the AI suggest some solution that to me also looks valid but it's different from what I've 

been thinking, maybe I'll try to figure out why the AI is suggesting different thing and if it 

makes sense to do that instead.” (Test Automation Consultant, Expert) 

Sub-Theme: Decline of Trust Due to Errors, Limitations, and Inaccuracies 

The decline of AI trust was reported to developed from repeated encounters with inaccurate, 

outdated or misleading outputs. Engineers described the situations where AI tools failed to 

assist them, also disrupted their workflows leading to wasted effort and increased frustration. 

The experiences which eroded AI reliability often occurred in situations where AI suggested 

obsolete or wrong information or repeatedly introduced new errors that were supposed to be 

fixes for the problem. While the trust was felt declined at times, the AI tools were still 

perceived generally useful, but their outputs were met with heightened skepticism. 

“Many times there are errors, and it doesn't work and it's using 2010 code, and I'm like what 

the hell is this, and like also being just wrong. Like being wrong with its data and 

everything.” (Test Engineer, Intermediate) 



 

“…and copilot would say: ’OK, you're not including this library correctly, add this there 

and then rerun it.’, and I did and that sort of fixed the problem, but it created a new problem 

and I spent a lot of time going around in circles trying to figure out…” (Senior Test 

Automation Engineer, Expert) 

 

Theme: AI Limitations and Risks 

This theme complements the trust-related findings by focusing on the engineers’ reflections 

on structural and technical limitations of AI which can have an effect on the user trust. 

Participants found limitations in AI when dealing with highly contextual subjects which 

were not possible for AI to profoundly understand, and in situations where human element 

was felt to be irreplaceable. 

Sub-Theme: Limitations in AI Contextual Understanding 

Situations where AI was not considered to be trustworthy by the participants when 

contextual data or processes were worked on. Engineers found that AI is capable of handling 

general-purpose scripting and coding tasks, as well as test data generation for example. 

When AI was required to handle nuanced test logic, specific frameworks or was faced with 

situational constraints and internal processes, the AI was perceived to have limitations and 

being unable to deliver correct suggestions.  

“Currently questions that I have done or in that case where the question that I was given 

was not correct to my understanding it was specific to a testing framework, so I was thinking 

like OK maybe this Copilot has not been trained well enough in that in this kind of 

information, so maybe it got confused with certain context or something.” (Test Automation 

Engineer, Expert) 

“Maybe it's the line of test automation that the actual kind of test the most complex part is 

understanding the context of what you're doing and the test scenarios. And so it's kind of 

outside the scope of what the AI can do.” (Test Automation Consultant, Expert) 

Sub-Theme: Human Judgment as Irreplaceable Component 

Several engineers emphasized, while AI was perceived generally good support in TA work, 

there were aspects which required human judgement, ethical reasoning and end-user 



 

empathy. AI was seen as insufficient to understand the human experience when the task 

required prioritization based on human needs. In situations where human element was 

perceived as the core, AI was not perceived as trustworthy as with more general tasks. 

“I tell people that: “You can automate everything, but ultimately you can't automate the 

human element because we're writing software for people, not for machines.” So, great, 

everything works. But does it feel good? That's the human element.” (Senior Test 

Automation Engineer, Expert) 

4.3  Integration of Generative AI into Test Automation Workflows 

This section addresses RQ3: “How are LLM-based Generative AI tools integrated into test 

automation workflows?” Based on the data gathered in the interviews, it is evident that AI 

tools are an integral part of modern TA workflows regardless of the industry. All participants 

reported varying degrees of AI use in their daily TA workflows, and it was commonly agreed 

that they provided generally more efficient and faster workflows. However, some drawbacks 

were also reported, and AI was not always seen as workflow accelerating tool. The findings 

are further discussed in the following themes: 

1. Efficiency and Workflow Dynamics (primary theme for the RQ3) 

2. AI Usage in Test Automation 

 

Theme: Efficiency and Workflow Dynamics 

This theme discusses how GenAI tools are affecting and improving TA engineers’ daily 

workflows. Most participants described increased work speed and efficiency gains, but some 

also mentioned efficiency drawbacks and productivity trade-offs. The integration of AI was 

not uniform among the participants but varied based on the role and responsibilities of the 

engineer, used AI tool, task types and how well AI could be integrated into the engineer’s 

development and working environment.  

 

 



 

Sub-Theme: Workflow Acceleration through AI Integration 

Participants frequently noted that GenAI tools helped speed up their work, particularly by 

handling repetitive, routine and time-consuming tasks. AI was perceived to excel and speed 

the workflow especially in writing simple scripts and functions, retrieving syntax patterns 

for different programming languages, producing boilerplate code and ability to search for 

information more quickly and seamlessly when compared to search engines like Google. 

“Yeah, I guess it's just that it makes things a bit faster. Like I don't have to Google as much” 

(System Test Automation Engineer, High Intermediate) 

“'I’m able to focus more and I'm able to do faster work.” (Cloud Software Engineer, Expert) 

Sub-Theme: Productivity Trade-offs and Attention Challenges 

While majority of the participants acknowledged and reported increased speed and 

efficiency in their workflows, some reported contradictory observations on efficiency gains. 

AI was perceived to generate initial solutions efficiently but since they required substantial 

manual review, correction and contextualization from the engineer, the net efficiency gain 

was diluted. This suggest that the cognitive effort which was previously part of the creation 

process of the task, for example a script, is now shifted to the validation of AI output.  

“…it speeds things very, very much considerably, but then again, that time that you save 

when you do things with an agent that time needs to be put in reviewing to code and 

generating documentation and doing even more to make sure that the code is good quality, 

and it has no flaws.” (Associate Software Engineer, Novice) 

“The time will be the same if I did everything by hand versus now that I ask AI and fixed the 

result.” (Associate Test Engineer, Novice) 

Sub-Theme: Dynamic AI Integration in Development Environments 

Participants described integrating AI tools into their workflows selectively and using them 

in specific tasks such as scripting, debugging and test data generation. The AI tools which 

were used varied among the participants and some were more integrated into the workflows 

than others. The highly workflow integrated tools were embedded straight into the 

development environments. These tools consider tools like Github Copilot and Cursor. 

Engineers reported better concentration and focus with integrated AI solutions while they 



 

promoted maintaining focus on the subject without context switching between the tools. 

While majority of the engineers found integrated AI solutions beneficial, there was also a 

minority who felt integrated AI solutions to be distracting.  

“This plugin <Github Copilot> in the IDE, it enables me to stay within one context because 

everything that I need to look up the answer to is already in one screen instead of having to 

go to Google, ask something in Google, or ask even the ChatGPT chat” (Cloud Software 

Engineer, Expert) 

“For example, if you're doing a test-driven development workflow where you already have 

some tests, or you're developing tests alongside of the solution and as the code changes, 

Cursor will run the tests every time there's code change.” (Senior Test Automation Engineer, 

Expert) 

“Well, in the sense that I'm trying to write something, and the AI thinks that it knows what I 

want to write, but it's the complete opposite or nothing like it. It's completely lost and it's 

actually this.. I think the Copilot is quite aggressive in the sense that what it wants to do or 

suggests.” (Test Automation Consultant, Expert) 

 

Theme: AI Usage in Test Automation 

This theme explores the specific roles, tasks and applications of AI tools in which they are 

used within TA work. TA engineers reported the most common areas where AI tools were 

used are scripting and code generation, documentation, test data generation, and knowledge 

source with unfamiliar contexts. AI tool adoption was generally task-driven, and the 

initiative to utilize AI came from the individual engineer.  

Sub-Theme: AI for Development and Test Data Automation Tasks 

Participants frequently reported using GenAI tools to support routine and repetitive 

development tasks. The tasks included generating simple code structures and scripts, 

producing test data and documenting. In these tasks, AI was perceived as a reliable assistant 

capable of handling given tasks when the prompts were clearly defined, tasks didn’t require 

context knowledge and were low-complexity.  



 

“…generating very, very straightforward test data like random numbers or with specific 

length with some certain pattern.” (Test Automation Consultant, Expert) 

“I think mostly I use them if I am.. either if I want to document some stuff, my own piece of 

code, or if I'm doing changes to some system that I'm not so familiar with in terms of kind of 

the syntax, how to do something.” (Test Automation Consultant, Expert) 

“Currently my use would be quite basic one helping me with the scripting that I do and 

helping me research in certain topics that may be interesting in order to implement test cases 

and so on.” (Test Automation Engineer, Expert) 

Sub-Theme: AI as Backup and Knowledge Assistant 

Beyond automated TA specific mechanical tasks, many engineers described using GenAI 

tools as knowledge assistants. The engineers used AI to provide assistance when they 

encountered uncertainty and new contexts, unfamiliar syntaxes, and gaps in their 

understanding. AI was considered as a collaborative partner that could propose more 

efficient alternatives or help validate existing ideas and promote self-confidence at work 

“I was going to do something very different and it just sprouted out a lot simpler way of 

doing it than I was like, hey wait, does it actually work!? And I went with that so.” (Test 

Engineer, Intermediate) 

“Well, this is kind of dumb, but well and it is also related with my own knowledge when I 

might know more or less the answer, but I don't know the specification in Python then I might 

ask the tool just to make sure like and then it's like oh, OK, that was like that and or the 

syntax is like that.” (Test Automation Engineer, Expert) 

Sub-Theme: Specific AI Tools in Practice 

Participants mentioned a variety of tools being used in their TA workflows, with the most 

common being GitHub Copilot, Copilot, ChatGPT, and Cursor, with a mention of internal 

LLM based AI tools which were minority. The tool selection was guided on the organization 

level and engineers reported they had to use the tools which the company provided them.  

“The beginning it used to be ChatGPT, but now it's only Copilot I think.” (System Test 

Automation Engineer, High Intermediate) 



 

“We have our own internal tool for generating test cases as well, which is AI powered. 

Basically, it generates the test cases for you based on the documentation you provide.” 

(Associate Software Engineer, Novice) 

5  Discussion 

This study was motivated by the professional use of GenAI tools in software engineering 

and the lack of focused research on their cognitive and trust-related implications in the 

domain of TA. Existing literature considering cognitive load and trust in AI has primarily 

concentrated on general software development, leaving a gap of how professional TA 

engineers experience these tools. This research fills that gap by providing domain-specific 

empirical insights, thereby advancing the discourse on human-AI interaction within the 

context of professional TA development.  

The findings provide answers to all three research questions. Regarding RQ1 “How do test 

automation engineers perceive the cognitive impact of using LLM-based Generative AI 

tools?”, the study reveals that the cognitive impact of GenAI tools is not one-way and TA 

engineers experience both cognitive relief and strain depending on task type, context and AI 

performance. For RQ2 “How do test automation engineers develop trust in LLM-based 

Generative AI tools?”, trust is found to be highly conditional and actively managed through 

verification and domain reasoning. RQ3 “How are LLM-based Generative AI tools 

integrated into test automation workflows?” shows that AI integration is most effective for 

most TA engineers when the tools are highly integrated into the development environments 

and support repetitive and low context tasks. However, some participants felt the embedded 

AI functions distracting.  

5.1  Alignment with Existing Literature 

The research aligns with the existing literature in mixed perceptions of cognitive load and 

increased productivity and efficiency when using AI tools. The participants reported both 

increased and decreased cognitive load based on the context and conditions which was also 

evident in the selected literature.   



 

While decreased cognitive load was found in several studies (Buettner, 2013; Madi, 2022; 

Fakhoury et al., 2024; Murnawan, Ghazali and Azzahra, 2024; Qian and Wexler, 2024) it is 

hard to compare the findings with qualitative study where the data was gathered as 

interviews. However, many reports from the participants suggest that the increased 

efficiency and decreased cognitive load are often perceived together. When it comes to 

increased cognitive load, the research found similar findings on context-switching increasing 

cognitive load which was also present in the study from Vaithilingam et al. (2022).  

Increased productivity was reported in many reviewed studies (Jain et al., 2022; Nguyen-

Duc et al., 2023; Liang, Yang and Myers, 2024; Murnawan, Ghazali and Azzahra, 2024) 

and was also frequently reported by the TA engineer participants. However, this study adds 

a nuance by showing that increased efficiency was often task-specific and conditional. 

5.2  Divergences from Existing Literature 

While the findings of this study largely align with existing literature, several divergences 

were discovered, particularly in relation to automation bias and AI over-reliance, trust 

calibration, and the dynamics of GenAI integration. These differences appear to emerge from 

the participants' professional TA context, expertise and the real-world nature of their work 

environments. 

While prior experimental research has identified signs of automation bias, particularly 

among less experienced developers (Madi, 2022; Vaithilingam et al. 2022), this study did 

not find evidence of it among the participants at all skill levels. The participants gave no 

reports of blind AI trust and underlined the importance of always validating AI output 

quality. However, the data contained few codes indicating over-reliance, but these reports 

were insignificant, and same participants gave opposing evidence during the interviews. The 

difference may be explained by professional maturity and contextual awareness of the 

participants who work to assure quality in production environments which require critical 

thinking even without AI.  

Unlike prior experimental studies which reported clear signs of automation bias, this 

research shows that professionals in the TA domain generally maintain a high level of 



 

skepticism and perform constant output verification. This divergence suggests that domain, 

context, and professional maturity play a role in AI trust moderation.  

Furthermore, this study demonstrates that perceived cognitive load among TA engineers is 

highly context dependent. It was often felt reduced during routine or repetitive tasks where 

AI tool suggestions are generally more trusted. However, the increased cognitive load was 

experienced when outputs were inaccurate, required extensive verification, or when they 

disrupted task flow. These findings highlight the importance of aligning AI tool design and 

practices with different task types to ensure output reliability and enhance AI integration for 

more sustainable and efficient adoption of AI tools in TA workflows. 

5.3  Limitations 

While the findings of this study bring valuable new insights into the mechanisms and impacts 

of cognitive load and AI trust within TA engineering, there are limitations that should be 

acknowledged. These limitations do not undermine the relevance of the findings but rather 

define the scope within which the results should be interpreted. 

The study was based on 10 engineers which, while being sufficient for a thematic analysis, 

limits a broader generalization. A larger participant pool could bring out new insights and 

strengthen, or weaken, the findings and themes of this study. Also, self-reported perceptions 

from the participants can be seen as a limitation as they may differ from observable 

behaviour and actions.  

While the data was gathered and analysed with precision, the study was carried out by a 

single researcher, which increases the risk of researcher bias. Peer reviews or data 

triangulation with different coders could mitigate the risk, but they were not present in this 

study. 

Despite the listed limitations, the study creates foundations and understanding in the area of 

cognitive load and AI trust formation in AI supported TA engineering workflows. It also 

provides a starting point for future research to build upon, especially in expanding participant 

diversity and methodological triangulation. 



 

5.4  Future Research 

While the study addressed research gaps found in the literature review, there are still areas 

which require more research. Based on this research and the findings, the future studies 

should focus on: 

• Real-time observation of AI tool usage: Observing TA engineers during actual 

workflows using screen recording, think-aloud protocols, or physiological 

monitoring would help to better understand the mechanism of cognitive load and 

trust formation while GenAI tools are used.   

• Cross-domain comparison: Comparative studies across different sub-sectors of 

software engineering (such as DevOps, TA, cloud engineering, etc..) could provide 

more insights into domain-specific factors that may affect AI trust formation and 

cognitive load impact.  

• Mixed-method approach: Combining quantitative and qualitative methods would 

benefit in understanding more profoundly of the conditions of AI trust formation and 

cognitive load impacts.   

• Longitudinal and real-world studies: Longitudinal studies in real-world settings 

are needed to gain knowledge on the long-term impacts on potential engineer skill 

degradation and AI tool trust formation mechanisms.  

6  Conclusion 

This thesis investigated how professional TA engineers perceived cognitive load and trust 

towards LLM-based GenAI tools, and how the tools were integrated into their workflows. 

The qualitative study considered answers gathered through semi-structured interviews from 

10 TA engineers with varying work experiences and organizations. The data was analysed 

inductively using thematic analysis by Braun & Clarke (2006).  

The findings of the study revealed the cognitive impacts of AI tools were not uniform but 

highly context driven. Participants reported decreased cognitive load when using AI 

assistance in simple and routine tasks which were perceived to be handled well by the tool. 



 

However, increased cognitive load was experienced when the AI output required constant 

verification and when AI generated content was perceived to create new errors on top of the 

existing ones.  

Based on the data, the trust in AI tools was conditional and context sensitive. The participants 

did not report or show significant signs of blind AI trust, and reports of high skepticism 

towards AI outputs were common. AI trust was strengthened through engineers’ own domain 

knowledge when they could interpret the proposed AI suggestions and was increasingly 

trusted with tasks requiring large data processing where human capabilities could be seen as 

a limiting factor. Decreased AI trust was experienced in situations where AI provided the 

engineer outdated or incorrect recommendations.  

The study also showed how GenAI tools were incorporated into the workflows in flexible 

and integrated ways. Tools like Github Copilot, Copilot, ChatGPT and Cursor were used to 

support and accelerate the workflows, and they were often found beneficial in terms of 

development speed and efficiency. However, some reports mention that initial productivity 

benefits did not add up to the overall productivity since AI suggestions needed lot of 

verification which was perceived time consuming.  
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Appendix 1. Interview Questions 

1. Can you describe your current role and experience level? 

2. Which AI tools do you use in your daily work?  

3. Can you describe how you use LLM-based AI tools in your daily test automation 

work? 

4. Have you noticed differences in your workflow and concentration when using AI 

tools, compared to when you are not using them? 

5. When you are using AI tools, do you feel it affects your mental effort? 

6. Can you provide an example of a task where using the AI tool made it easier for 

you to focus and complete the task with less effort? 

7. Can you think of a task where the AI tool made the task feel more mentally 

demanding or confusing than doing it manually? 

8. How do you typically phrase or structure your prompts when using LLM-based AI 

tools in your test automation tasks? 

9. How confident do you feel with the accuracy of the outputs from AI tools? 

10. Are there any particular areas where you feel more or less confident with AI tools? 

11. Have you ever encountered situations where the AI tool made an error, and how did 

you go about detecting and correcting it? 



 

12. What criteria do you use when determining if an AI-generated output is accurate 

and reliable? 

13. In what types of tasks do you tend to rely more on AI rather than your own manual 

work? 

14. How do you balance between trusting AI for its speed and efficiency and ensuring 

that the results are fully accurate and reliable? 

15. Do you ever feel that AI tools influence your decision-making process? 

 

 

 

 

 

 

 

 

 

 

 

 



 

Appendix 2. Codebook 

Index Code Highlights 

1 Mandatory Verification of AI-Generated Code 20 

2 Critical Evaluation and Verification of AI Output 19 

3 Increased Work Efficiency and Speed 17 

4 Need for Critical Evaluation of AI Outputs 14 

5 Frustration Due to Ineffective AI Output 13 

6 AI tools preferred in routine tasks 12 

7 Need for Constant Skepticism Toward AI Outputs 12 

8 Structured Prompting 12 

9 AI tool used for documentation 11 

10 Decreased cognitive load when using AI 11 

11 Always verifying AI result 10 

12 High Reliability of AI in Simple Tasks 10 

13 

AI promotes acquiring new solutions that were not thought about for a 

problem 9 

14 Data Security and Privacy Concerns Limiting AI Use 9 

15 Doubting own prompt for poor AI output 7 

16 Github Copilot increases frustration 7 

17 Github copilot used at work 7 

18 Improved AI Performance with User-Provided Context 7 

19 Increased Reliance on AI in Unfamiliar Areas 7 

20 Iterative Prompting 7 

21 One year of professional AI tool usage 7 

22 User responsibility over AI output 7 

23 Advanced Prompt Engineering 6 

24 AI not perceived influencing user's own decision making 6 

25 AI Tool increases frustration when it gives wrong answers 6 



 

26 AI Tool increases frustration when prompt is not understood 6 

27 AI tool perceived inaccurate in context specific tasks 6 

28 AI used in debugging and troubleshooting 6 

29 AI-workflow faster than non-AI workflow 6 

30 Github Copilot is not good 6 

31 Identifies as expert TA engineer 6 

32 Impact of AI Model Improvements on User Trust 6 

33 Trust in AI Outputs Based on Previous Experiences 6 

34 AI errors increase skepticism  5 

35 AI tool used for coding 5 

36 Complex Tasks Require More Detailed Prompting 5 

37 Dependencies over organization policy for AI tool usage / selection 5 

38 Immediate and intuitive evaluation of AI output 5 

39 Information from external sources support AI trust 5 

40 Risk of over-reliance 5 

41 Using AI for Clarification and Reinforcement of Knowledge 5 

42 Validation of AI Output Against Original Prompt 5 

43 AI Tool increases frustration when details are wrong in the output 4 

44 AI tool used to create test data 4 

45 Asking explanations from the AI 4 

46 ChatGPT used at work 4 

47 Copilot makes lots of errors 4 

48 Copilot used at work 4 

49 Domain knowledge supports AI trust 4 

50 Frustration with limits in AI knowledge cut-off 4 

51 Human element cannot be automated with AI 4 

52 No perceived impact of AI on cognitive load 4 

53 No trust to AI 4 

54 Perceived Universal Benefit of AI Across All Tasks 4 



 

55 Preference for Self-Reliance in Familiar Areas 4 

56 Preference of Self-Reliance in decision making 4 

57 Risk of Using Obsolete Information from AI Outputs 4 

58 Simple prompting 4 

59 Strong reliance on tests to validate AI output 4 

60 Trust in AI is 50/50 4 

61 AI decreases perceived workload 3 

62 AI generated bugs are harder to detect 3 

63 AI Limitations Due to Outdated Knowledge 3 

64 AI limited ability to suggest optimal method 3 

65 AI perceived as a supportive tool, not replacing human work 3 

66 AI tool used for test planning 3 

67 AI used for initial understanding, followed by manual deepening 3 

68 Boosted Motivation 3 

69 Concerns over AI vendor reliability 3 

70 Cursor perceived better than Copilot 3 

71 Discovery of better solution beyond AI suggestions 3 

72 Documentation not preferred to do by AI 3 

73 Dynamic and Evolving Perception of AI Reliability 3 

74 Dynamic Interaction with AI 3 

75 Higher AI trust when output looks familiar 3 

76 Higher AI trust when output looks similar to user's own work 3 

77 Identifies as novice TA engineer 3 

78 Increased Frustration due to Context Switching 3 

79 Limited Net Efficiency Gain Due to Required AI Output Verification 3 

80 Limited Use of AI for High-Level Test Case Creation 3 

81 Lower AI trust with logical problems 3 

82 Mixed impact on cognitive load 3 

83 Need for Caution When Using AI with Evolving Technologies 3 



 

84 Perception of AI Output Quality Exceeding User Expectations 3 

85 Reduced Attention to Detail Due to Speed or Ease 3 

86 Reliance on Gut Feeling for Assessing AI Outputs 3 

87 Seeking Explanations from AI to Increase Confidence 3 

88 Use of AI for Test Planning and Case Generation 3 

89 Verifying AI output with own experience 3 

90 Advanced Technical Use of AI APIs 2 

91 AI errors are harder to detect 2 

92 AI good at filtering large data 2 

93 AI is good for mechanical tasks 2 

94 

AI output verification by trying to understand it with user's own 

experience 2 

95 AI performance issues when lacking context 2 

96 AI promotes self-confidence 2 

97 AI technology is generally trusted 2 

98 AI tool generates real world context data poorly 2 

99 AI tool not used much in test automation yet 2 

100 AI tool usage preferred 2 

101 AI tool used for acquiring knowledge 2 

102 AI used for areas which are not familiar for user 2 

103 AI workflow not perceived more efficient over non-AI workflow 2 

104 ChatGPT perceived better than Copilot 2 

105 Cursor enhances iterative coding processes 2 

106 Documentation not preferred to be done by AI  2 

107 Familiarity with AI tools 2 

108 Have used generative AI tools outside work 2 

109 High Effort Required for Precise Prompting 2 

110 Higher AI trust in familiar patterns 2 

111 Increased cognitive load when using AI 2 



 

112 Increased Distractions with AI 2 

113 Increased trust with widely used technologies 2 

114 Lower AI trust with complex coding task 2 

115 Lower AI trust with complex tasks 2 

116 Lower attachment to AI-written code 2 

117 Out of work have used generative AI when they gained popularity 2 

118 Over a year of professional AI tool usage 2 

119 Perceived AI as fast way to get information 2 

120 Perceived better prompting might give better output 2 

121 Reduced Attention to Detail Due to Speed 2 

122 Restricted context increases AI trust 2 

123 Self-reliance in manually testing AI output 2 

124 Trust in AI is 70/30 2 

125 User need to do manually because of poor AI output 2 

126 Uses Cursor at work 2 

127 Verification of AI Output with Own Experience 2 

128 2 years of professional AI tool use 1 

129 AI assistance avoids manual fatigue leading to errors 1 

130 AI errors not common 1 

131 AI explanation and transparency increases stress 1 

132 AI explanation makes problem approach easier 1 

133 AI is good at filtering large data 1 

134 AI output verification by trial and error 1 

135 AI perceived as a supportive tool, not changing work dynamics 1 

136 AI perceived as influencing user's decision making 1 

137 AI perceived as supportive for knowledge transfer 1 

138 AI perceived good for mechanical tasks 1 

139 AI perceived good in scripting 1 

140 AI Preferred for Handling Tedious or Repetitive Tasks 1 



 

141 AI tool not used in technical tasks 1 

142 AI tool supports continuous workflow 1 

143 AI tool used for bug detection 1 

144 AI tool used in minor code adjustements 1 

145 AI Tool used professionally less than a year 1 

146 AI used in boilerplate creation 1 

147 Alleviation of physical symptoms through AI assisted work 1 

148 Bad output from AI decrease trust 1 

149 ChatGPT used for coding 1 

150 ChatGPT used to create test data 1 

151 Context Switching Between Manual Work and AI Assistance 1 

152 Continuous Presence of AI in Development Environment 1 

153 Copilot not used in technical tasks 1 

154 Copilot used for minor inline coding tasks 1 

155 Cursor considered as pair programmer 1 

156 Cursor improves coding efficiency 1 

157 Cursor supports TDD and iterative workflows 1 

158 Decreased frustration due to AI-assisted debugging 1 

159 Decreasing Trust in AI Due to Hallucinations 1 

160 Defining context too precisely can make AI hallucinate 1 

161 Desire to use AI for dynamic test selection 1 

162 Doubting AI tool's capability of handling complex tasks well 1 

163 Emotional relief from successful AI assistance 1 

164 Focus on Test Coverage and DevOps Best Practices 1 

165 Frustration due to poor AI suggestions 1 

166 Frustration with Iterative Clarifications to AI 1 

167 Greater Trust in AI in Areas of Personal Uncertainty 1 

168 Higher Abstract Thinking with AI 1 

169 Higher acceptance of AI solutions after exploratory interaction 1 



 

170 Higher AI trust in debugging and troubleshooting 1 

171 Higher AI trust when output looks human made 1 

172 Higher AI trust when user controls the context 1 

173 Higher trust in AI when abstract question/answer 1 

174 High-level tests not done with AI 1 

175 IDE embedded AI support reduces context switching 1 

176 Identifies as upper intermediate TA engineer 1 

177 Immediate or deeper output evaluation 1 

178 Increased cognitive load for verifying AI output 1 

179 Increased cognitive load with AI assistants 1 

180 Increased energy levels due to AI assistance 1 

181 Intermediate understanding of AI concepts 1 

182 Internal AI tool for test case generation 1 

183 Internal AI tool used at work 1 

184 Internal/Private Data Usage Enhancing AI Output 1 

185 Keywording done with AI 1 

186 Keywording not preferred to be done with AI 1 

187 Lack of formal strategy for AI performance evaluation 1 

188 Limited Impact of AI on User's Focus 1 

189 Limited Interactivity Compared to Human Collaboration 1 

190 Lower AI trust in scripting tasks 1 

191 Lower Trust in AI Due to Limited Context 1 

192 Mitigation of AI output risks with peer collaboration 1 

193 No variation in AI trust based on task complexity 1 

194 Novices hard to balance with AI when they don't have a lot of expertise 1 

195 Over trust in initial AI output 1 

196 Over-Reliance and Risk of False Confidence 1 

197 Positive thoughts on Copilot 1 

198 Preference for dynamic and exploratory AI interaction 1 



 

199 Reduced mental effort with Cursor 1 

200 Reliance on Traditional Tools to Validate AI Outputs 1 

201 Risk of Losing Focus Due to Background AI Processes 1 

202 Scientific Approach to Testing 1 

203 Self-reliance in manual testing tasks 1 

204 Trust in AI Outputs Based on Explainability 1 

205 Uncertainty about the impacts of AI enabled multitasking 1 

206 Uses AI to calculate dates 1 

207 Uses AI to find locators 1 

208 Uses AI to get documentation 1 

209 Uses ChatGPT as backup 1 

210 Using External Sources to Structure Prompts 1 

211 Variables not preferred to do by AI 1 

212 Worry of skill degradation due to AI usage 1 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Appendix 3. Thematic Maps 

 

 

 

 

Figure 2 Thematic maps of the developed themes and their sub-themes 


