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The recent years have seen a surge in development and utilization of AI in different indus-

tries and functionalities. Companies are looking to integrate AI into their operations to gain 

benefits such as increased efficiency, productivity, and further usage of data for decision-

making. Incorporating AI requires adopting new ways of working in the organization, and 

therefore change management efforts are required for successful implementation. 

The purpose of this thesis is to examine how AI can be effectively incorporated into an R&D 

department’s software testing process. The research was conducted as a qualitative case 

study with interviews as the data source. Interviews with the department’s testing commu-

nity were used for identifying use cases for AI and assessing employees’ attitudes and expe-

riences with AI and change initiatives. Ultimately, this research identifies use cases for AI 

in the testing process, selects a suitable AI solution for addressing them, and creates a change 

management plan for implementing the AI solution into the department’s ways of working. 

In total 18 use cases for AI were identified. These can be grouped into four categories which 

are optimization, troubleshooting, information collection, and content generation. The se-

lected AI tool for implementation is a coding assistant, which can deliver benefits such as 

enhanced learning, faster troubleshooting, higher efficiency and productivity, better code 

quality, and increased job satisfaction through automating repetitive tasks. 

The created change management plan follows the ADKAR model, which defines that 

achieving Awareness, Desire, Knowledge, Ability, and Reinforcement in corresponding or-

der is essential for successful change. A five-month roadmap of change management actions 

was created to foster these elements at the R&D department, with the goal of establishing 

usage of the AI tool as the new normal way of working in the testing process. 
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Tekoälyn hyödyntäminen on viime vuosina nopeutunut monella toimialalla. Yritykset etsi-

vät tapoja hyödyntää tekoälyä liiketoiminnassa parantaakseen tehokkuutta ja tuottavuutta 

sekä hyödyntääkseen enemmän dataa päätöksenteossa. Tekoälyn käyttöönotto tarkoittaa uu-

sia toimintatapoja, joiden onnistuneesti käytäntöön vieminen vaatii muutosjohtamista. 

Tässä diplomityössä tutkitaan, miten tekoälyä voidaan hyödyntää T&K-yksikön ohjelmisto-

testausprosessissa. Työ on toteutettu kvalitatiivisena tapaustutkimuksena, jossa on haasta-

teltu T&K-yksikön testausyhteisön jäseniä. Haastatteluja on hyödynnetty tunnistamaan te-

koälyn käyttötapauksia testausprosessissa sekä kartoittamaan henkilöstön näkemyksiä ja 

aiempia kokemuksia tekoälyyn ja muutosprojekteihin liittyen. Tutkimuksen päätavoitteina 

on tunnistaa käyttötapaukset tekoälylle testausprosessissa, valita käyttötapauksiin soveltuva 

tekoälyratkaisu sekä luoda muutosjohtamissuunnitelma valitun tekoälyratkaisun käyttöön-

ottoon yksikön toiminnassa. 

Työssä tunnistettiin 18 käyttötapausta tekoälylle. Nämä voidaan jakaa neljään kategoriaan, 

jotka ovat toiminnan optimointi, ongelmanratkaisu, tiedonhaku ja sisällöntuottaminen. Va-

littu käyttöönotettava tekoälytyökalu on ohjelmointiapuri, jonka odotetaan edistävän oppi-

mista, nopeuttavan ongelmanratkaisua, lisäävän työntekijöiden tuottavuutta, kehittävän koo-

din laatua sekä parantavan työssä viihtymistä automatisoimalla toistuvia työtehtäviä. 

Luotu muutosjohtamissuunnitelma perustuu ADKAR-malliin, jonka mukaan onnistunut 

muutos edellyttää tietoisuuden, tahdon, tiedon, osaamisen ja muutoksen vahvistamisen saa-

vuttamista tässä järjestyksessä. Tutkimuksessa luotiin viiden kuukauden mittainen suunni-

telma näiden elementtien saavuttamiseksi T&K-yksikössä. Suunnitelman tavoitteena on 

tehdä tekoälytyökalun käytöstä vakiintunut toimintatapa yksikön testausprosessissa.  
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1  Introduction 

The recent years have seen a surge in both development and interest in Artificial Intelligence 

(AI) across many industries. The previous year 2023 can be characterized as a time for ex-

perimentation with AI, and the current year is when we start seeing AI solutions deliver 

significant business impact and value across numerous industries and applications. Boston 

Consulting Group surveyed over 1400 C-suite executives from 50 markets and 14 industries, 

and 89% of them ranked AI as a top-three technology priority for 2024 (Apotheker et al. 

2024). McKinsey (2023a) surveyed roughly 1500 companies and found that 55% were using 

AI in at least one business function and a third in multiple functions. This number is expected 

to increase significantly in the upcoming years as many solutions start moving from Proof 

of Concept (PoC) state towards successfully delivering business value on a large scale. Tech-

nology-oriented companies relying heavily on knowledge work stand to gain the most ben-

efits from incorporating AI to their operations (McKinsey & Company 2023a). 

One of the knowledge work intensive fields is the software industry, which has been one of 

the pioneers in AI adoption. Stack Overflow (2023) surveyed over 89 000 software devel-

opment professionals, and 70% were already using or planning to use AI tools in their work 

during the ongoing year. Additionally, 77% of respondents viewed AI tools favorably listing 

benefits such as enhanced learning, better collaboration, increased productivity, and higher 

code quality. (Stack Overflow 2023) 

In addition to transforming the technological dimension at companies, AI also creates shifts 

in workforce dynamics and ways of working, requiring effective change management strat-

egies for successful implementation (Apotheker et al. 2024). Change management is a cru-

cial factor that considers topics such as communication, training, and attitudes and feelings 

of employees to ensure that new ways of working are implemented successfully. 

This thesis takes a change-management driven approach to incorporating AI into a Research 

and Development (R&D) department’s software testing process. The research first identifies 

opportunities for applying AI and gathers the department’s testing community’s expertise, 

attitudes, and insights on the topic. Then, considering the department’s context and needs, a 

change management plan is created for implementing a selected AI solution. 
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1.1  Background 

One of the technology-oriented companies standing to gain significant benefits from AI 

adoption is Nokia, the case company for this master’s thesis. Nokia is a multinational tele-

communications company with a history of over 150 years. It is a B2B technology innova-

tion leader in networking, striving to realize the potential of digital technologies in all indus-

tries by connecting people, machines, and devices. In 2022, Nokia’s net sales were €24.9 

billion, and it has invested over €22 billion in R&D since 2017. (Nokia 2023) Contributing 

to these R&D initiatives, this thesis focuses on applying AI to the testing process of cloud 

infrastructure solutions for Radio Access Networks (RAN). 

The organization has set further adoption of AI as one of its strategic objectives. Currently, 

there are many initiatives and ongoing projects related to AI. One of the major identified 

challenges in this area is implementing change to ingrained ways of working. Many initia-

tives can be discussed, but how does one bring these concepts into practice? This is one of 

the topics this thesis aims to provide a research-based perspective for. 

The testing process in the R&D department involves many steps where AI can be leveraged. 

This can for example happen by outsourcing more manual tasks to the AI which enables the 

testers to focus on more demanding and value-adding work. AI can also be applied for gath-

ering and summarizing relevant information for the testing experts. Another way to leverage 

AI is for analyzing large amounts of data generated during the testing process for enhanced 

data-driven decision-making and new insights. Depending on the use case, AI can increase 

the accessibility of information, promote usage of data for decision-making, or make the 

testing process more efficient by reducing repetitive and time-consuming trivial tasks from 

the testing experts’ daily work. 

1.2  Purpose, research questions, and scope 

The main objective of this research is to create a change management plan for incorporating 

AI into the R&D department’s testing process. The main research question is the following: 

RQ1: How can AI be effectively incorporated into the R&D department’s testing process? 
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To achieve this objective, three core aspects must be examined. These are the possible use 

cases, appropriate AI solution meeting the needs of the department, and the way of imple-

menting change to the organization. Therefore, three sub-questions are introduced: 

Sub-question Objective 

RQ2: What are the potential use cases for 

AI in the testing process? 

 

• Identify use cases for AI and select the most ap-

plicable ones for implementation. 

RQ3: Which AI solution should be imple-

mented? 

 

• Choose a suitable AI solution meeting the R&D 

department’s needs. 

RQ4: How should the associated change 

be implemented in the R&D department? 

 

• Identify areas that must be addressed when im-

plementing change to maximize the chance of 

successful AI adoption. 

 

Regarding the scope, this thesis does not cover the implementation of the AI solution but is 

limited to creating a plan for conducting it. Furthermore, no new AI solution is created but 

instead this study looks at existing ones that can be utilized. The case organization for this 

thesis is an R&D department operating in three countries through multiple teams. The thesis 

is limited to examining this department’s operations and perspective. As some work done in 

R&D context is confidential, this sets a limitation on how in-depth this thesis can describe 

ways of working in the department, and therefore some topics are presented on a high level. 

For example, the available AI solutions are not named, and the organization’s testing process 

is not described in detail. 

1.3  Structure 

The first chapter is the introduction which presents the motivation, background, scope, and 

research questions for this study. The second chapter explains the research design and meth-

odology in further detail. Chapters three and four form the literature review and explain 

fundamental concepts and research-based findings for topics relevant to this study, i.e., AI, 

software testing, and change management. The fifth chapter presents the interview findings, 

discussing the testing community’s views towards AI and change. Chapter six presents the 

identified AI use cases and explains how the AI solution for implementation was selected. 

Chapter seven forms a change management plan for introducing the AI solution to the R&D 

department’s ways of working by applying a chosen change management model. Finally, 
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chapter eight summarizes answers to the research questions, assesses the reliability of the 

results, and proposes areas that would benefit from further research. This structure is illus-

trated in Figure 1 through an input-output diagram. 

 

Figure 1. Research structure. 
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2  Methodology 

This chapter describes how this research was conducted. First, the overall structure and de-

sign of the research are explained. Then the methods for conducting the literature review and 

interviews are described. 

2.1  Research design 

This research examines how AI can be effectively incorporated into an R&D department’s 

testing process. Due to the exploratory nature of this study, a definitive data source cannot 

be pinpointed, which makes approaching the research problem with a quantitative approach 

difficult. Qualitative research, on the other hand, involves methods such as interviews and 

focus group discussions, allowing examination of people’s experiences and addressing ques-

tions concerned with social settings (Fossey et al. 2002; Hennink et al. 2020, p. 11). When 

creating a change management plan, understanding the social setting (e.g., employees’ ex-

periences and perceptions of culture) in the R&D department is essential. Therefore, this 

research is executed as a qualitative case study where a literature review and interviews are 

conducted. The purpose of the literature review is to provide a context and theoretical frame-

work for the research, and the interviews gather information from the case organization’s 

perspective focusing on employees’ attitudes and experiences. Priya (2021) describes that a 

case study is a suitable approach when the research aims to answer “how” type-questions. 

This research started through discussions with different stakeholders in the case organiza-

tion. First, the high-level topic was agreed to be the usage of AI in the testing process, with 

an emphasis on the change management perspective. The next task was to understand where 

the organization and the target department stands in the usage of AI. This helped to identify 

where this research fits in the ongoing set of projects and initiatives. Furthermore, the goal 

was to ensure this thesis will not end up doing something that has already been done in the 

organization. 

Therefore, the author contacted various stakeholders including test architects, test engineers, 

team managers, transformation managers, AI steering committee leaders, and department 
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heads to discuss the ongoing state of AI adoption in the case company. A comprehensive list 

of notes was recorded from all these discussions. After the background research was con-

ducted, a summary of the findings and the core objectives for this thesis were presented to 

the target department’s leadership team. Feedback was accounted for which led to final def-

inition of the scope, goals, and limitations for this study. 

The research consists of three main phases which are literature review, semi-structured in-

terviews, and analysis and solution creation. These phases, their content and objectives are 

introduced in Figure 2 below. 

Figure 2. Research design. 

 

The methods for conducting the literature review and interviews are explained further in the 

next chapters. In the analysis and solution creation phase, many discussions were had with 

stakeholders in the case organization. This phase started from identifying the suitable AI 

solutions and their accessibility in the organization. Then, the identified use cases from the 
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interviews were mapped and narrowed down to those which can be addressed with accessible 

AI solutions. This process is further explained in chapter 6. When the AI solution and use 

cases were selected, then a change management plan was created following a change man-

agement framework presented in chapter 4.3. The change management actions were deter-

mined by analyzing the organization’s context through interviews and then addressing the 

department’s needs, challenges, interviewee experiences, and identified best practices from 

literature. This was done in collaboration with transformation managers and team managers 

who act as main facilitators of change within the department. The executed workflow of the 

research is illustrated in Figure 3 below. 

Figure 3. Workflow of the research stages. 

2.2  Literature review 

For the theoretical section of this research, a literature review was conducted. Reviewing 

existing knowledge in literature acts as a preliminary step in a larger research project (Knopf 

2006). Literature can be used for providing a theoretical framework and additional context 

that supports the research (Saunders et al. 2016, p. 70; Knopf 2006). Literature can be from 

secondary sources which are formally published items such as books and journals, and from 

primary sources (grey literature) which are non-publisher-controlled items such as business 

and industry reports and governmental publications (Saunders et al. 2016, p. 83). This paper 
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utilizes both. Secondary sources, i.e., academic publications, are used for forming the theo-

retical framework including definitions, fundamental concepts, and research findings on the 

subjects addressed in this paper. Primary sources are utilized mainly in the form of consult-

ing reports to offer additional insights into findings and learnings from industry. 

Reviewing literature from multiple sources and authors increases the reliability of the liter-

ature review. This helps eliminating conscious or unconscious biases of individual authors 

or publishing entities. (Tuomi & Sarajärvi 2002, pp. 140-142) Critical review is required 

especially when reviewing grey literature, as individual publications often simultaneously 

act as marketing material and therefore might present information in a way that would in-

centivize to buy the publisher’s products/services or display them in good light. In addition 

to using multiple sources to minimize the impact of this issue, grey literature is reviewed 

alongside academic literature findings in order not to use only one perspective. 

As this thesis reviews literature from different topic areas (e.g., change management, artifi-

cial intelligence, and software testing), conducting a systematic literature review with strict 

limitations is unfeasible. Therefore, this study conducts a narrative literature review, which 

is used for generating a descriptive overview of a research topic and providing a theoretical 

framework for the study by summarizing findings from previous publications on the ad-

dressed topics (Salminen 2011, p. 6). The criterion for inclusion is not as strict as in a sys-

tematic literature review. However, this literature review still has set main keywords, limi-

tations, and databases that are used for the literature search, illustrated in Figure 4. 

 

Figure 4. Keywords, limitations, and databases for literature search.  
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As AI is currently a rapidly developing topic, even two years old publications — depending 

on the view — can contain outdated information. Therefore, when reviewing AI-related lit-

erature, the most recent publications were favored, i.e., papers that were published in the 

span of the ongoing or previous year. The literature search on AI did not include a limit on 

publication dates, but the search results were sorted to begin from the most recent publica-

tions. Many publications on AI focus on technical architecture topics. These were excluded, 

as this research focuses more on the impact and human side of AI implementation instead of 

the technical details. Going in-depth to technical functionality of AI does not provide addi-

tional value as this study is not focused on creating a new AI solution, but instead looks at 

leveraging existing ones. However, the general functionality of AI is described as it is ben-

eficial for understanding different types of AI solutions that can be applied in the case or-

ganization. 

In change management topics, publications with high number of citations were preferred as 

these likely have had high impact and relevant findings. As this type of research is mostly 

related to human behavior, which does not change as rapidly as technology, older publica-

tions are also relevant and were therefore included. The literature search on change manage-

ment topics did not feature a strict limit for publication dates but results were instead sorted 

by number of citations. However, even though human behavior does not change rapidly, 

organizational settings and ways of working do, for example driven by digitalization. There-

fore, publications that did not solely focus on behavioral science were chosen to be from the 

last ten years. The reviewed change management literature focuses on facilitating individual 

change instead of large, complex organization-wide transformations. The change manage-

ment goals in this thesis are related to motivating individual employees to change their be-

havior to accommodate new ways of working, and therefore literature on facilitating indi-

vidual change is the most relevant. 

Scopus database was used as the main tool for searching literature with combinations of the 

keywords described in Figure 4. The literature searched through Scopus was limited to sci-

entific journal publications, books, and conference papers published in English. LUT Primo 

database was used for accessing certain publications and journals. For additional literature 

search, Google Scholar was used. As a complimentary tool, Scholar for example enabled 

reviewing the most recent publications on AI, some as preprints. When it comes to searching 
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grey literature, search engines Google and Bing were used with similar combinations of the 

presented keywords. 

2.3  Interviews 

The method for collecting empirical data is interviews. The interviews were conducted in a 

semi-structured manner, which is an interview method that can be utilized for understanding 

a topic in an exploratory way. A semi-structured interview is based on a set of predetermined 

questions but allows additional follow-up questions and free discussion on arising topics of 

particular interest. Depending on the interviewees’ experience, some questions can be omit-

ted to prioritize the most impactful ones. (Mann 2016, p. 91; Saunders et al. 2016, p. 391; 

Harrell & Bradley 2009, p. 27) Expanding on the most relevant topics for each interviewee 

helps in gathering the most appropriate insights. In this research the interviews served three 

objectives: 

1. Identify potential use cases for AI in the testing process. 

2. Assess the testing community’s attitudes towards AI, change, and gather their expe-

riences and insight. 

3. Assess the role of team managers as facilitators of change within their respective 

teams. 

 

In total, 15 interviews were conducted. The interviewees were a part of the testing commu-

nity consisting of test engineers, test architects, and team managers. The R&D department 

operates on three different sites around the world. To get a comprehensive picture of the 

department’s views, interviewees were selected from all three sites. In addition to geographic 

variety, the interviewees were of varying experience levels, ranging from trainee with 

months of experience to senior experts with over thirty years of experience. More experi-

enced experts are likely to share important insights to the testing process, and more junior 

interviewees can provide fresh views that the organization might not have yet considered. 

The team managers identified suitable interviewees fitting these criteria from their teams.  

Following good practices, the interview questions were constructed to be neutrally framed, 

in order not to lead the interviewee to any direction. The set of questions begin with general 

questions and progress to more specific questions aligning with the research objectives. 
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(Kasper 2015, p. 218) The questions address the interviewees’ experience and daily work, 

technical AI competencies, attitudes towards AI and change, and future views regarding AI 

(Appendix 1). Furthermore, another set of questions was developed for team managers. 

These questions focus on competence development, impact and risks of AI in testing, the 

managers’ role in facilitating change, and monitoring and evaluating change initiatives (Ap-

pendix 2). Both sets of questions were iteratively developed with the thesis instructor to 

capture the most relevant insights. 

The interviewees received a universal invitation describing the objectives of this study, the 

purpose and structure of the interview, and how the interview data will be used. The partic-

ipants did not see who else have been invited to the interview. The invitation also informed 

that the interviewees’ names are kept confidential, and their individual answers cannot be 

distinguished from the overall conclusions and findings. This ensures everyone can express 

their honest opinions with confidentiality. Therefore, the interviewees will be addressed only 

by their job title in this thesis. 

Testing the interview design through piloting is important to determine if there are flaws or 

limitations before conducting the research (Majid et al. 2017). Therefore, the first interviews 

acted as pilot interviews for testing both question sets. After these pilots, feedback was re-

quested from the interviewees on if they felt the questions were structured in a logical order, 

and if some important topic was not addressed in the interview. This feedback was incorpo-

rated, the question set improved, and then used for the following interviews. 

Each interview was allocated a one-hour time slot, and the realized durations varied between 

27 to 59 minutes. The interviews were carried out either on Microsoft Teams or in person. 

Before the interview, the participants were explained the purpose of the interviews and that 

the answers are anonymous. The interviews were recorded, and notes were taken during the 

interview and after based on the recording. The main points of all answers were collected to 

Excel and then compared for similarities to draw conclusions. In case there were no similar-

ities, this was also described in the findings. The main findings and a list of all mentioned 

use cases for AI are described in chapters 5 and 6. A summary presentation of the anony-

mized interview findings was shared with the department’s leadership team to promote 

awareness and discussion. Additionally, a high-level summary of the findings was shared 

with the entire department through email. The limitations and possible biases of the research 

methodology are further discussed in chapter 8.2. 
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3  Artificial Intelligence in software testing 

This chapter introduces the fundamental terms, definition, and concepts of AI. Additionally, 

the key methods of software testing are familiarized. Finally, combining AI and testing, this 

chapter presents findings from literature on how AI can be applied in software testing. 

3.1  Artificial Intelligence 

Artificial Intelligence can be defined as a machine’s capability to sense, make decisions, and 

behave like humans. A machine can be deemed intelligent when it can engage in reasoning, 

learn from given data, and solve problems. (Mondal 2020, p. 390) McKinsey (2023b) defines 

AI as “machine’s ability to perform the cognitive functions we usually associate with human 

minds.” AI was already discussed in the 1950’s, when Alan Turing introduced the famous 

Turing test for determining if a machine is intelligent. The test's premise is straightforward: 

a human poses questions to two entities, one human and one machine, while maintaining 

anonymity. If the questioner cannot reliably distinguish between the human's responses and 

the machine's responses more than half the time, the machine can be considered as intelli-

gent. (Turing 1950) 

According to Mondal (2020, p. 394), AI can be split into five distinct categories which are 

Natural Language Processing (NLP), Machine Learning (ML), decision-making, computer 

vision, and responsiveness. These are visualized in Figure 5 below. These fields enable their 

respective use cases for various purposes such as data-analysis, problem solving, decision-

making, content generation, and image recognition. Regarding these five categories, this 

chapter later introduces ML and many of the NLP aspects through Large Language Models 

(LLMs), which are the most relevant for this thesis. 
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Figure 5. Applications and fields of AI (adapted from Mondal 2020, p. 394). 

 

In recent years, advancements in AI have accelerated at an unprecedented pace, capturing 

worldwide attention. AI was brought to the public’s attention on a larger scale in 2022 when 

OpenAI released its LLM-based generative chatbot ChatGPT-3 (GPT for Generative Pre-

trained Transformer). ChatGPT reached over 100 million users in just under two months – a 

remarkable feat that surpassed the adoption rate of any previous digital application (Shalom 

& Vasuda 2023). This is partly thanks to the tool being very accessible through an intuitive 

web-based interface using natural language instead of specialized commands. 

An example of the power of ChatGPT comes from a trial with over 750 Boston Consulting 

Group consultants in a professional services setting. The study compared results from per-

forming consulting tasks between groups who did and did not use AI for aiding in the task. 

The researchers found that on average the consultants utilizing ChatGPT completed 12.2% 
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more tasks, doing them 25.1% faster with 40% higher quality than peers without AI. The 

largest performance increases were seen in creative tasks such as creating ideas for new 

products and go-to market plans. However, performance increases were only found when 

the tasks were performed individually, and ideation tasks in a group setting yielded better 

results without the aid of ChatGPT. (Dell’Acqua et al. 2023) This indicates that the tool 

could supplement individual creativity in various tasks but is inferior to human creativity 

when a group of individuals are involved in the ideation process. Consultants with the least 

baseline knowledge and proficiency benefited the most from using the tool. (Dell’Acqua et 

al. 2023) 

The performance decreases were observed in completing business problem solving tasks 

such as identifying root causes of issues from data and interview results. The researchers 

concluded that generative AI is effective in especially boosting individual creativity, but 

inferior in complex data analysis. Additionally, the researchers identified the risk that gen-

erative AI usage may kill creativity; 70% of the study participants believed that extensive 

ChatGPT usage may hinder their personal creativity over time. (Dell’Acqua et al. 2023) 

AI tools and solutions such as ChatGPT are expected to fundamentally change the ways of 

working in many industries (Agrawal et al. 2022). Private, public, and governmental confer-

ences around the world are discussing the impact of AI on the future of work (Ozkaya 

2023b). One of the industries that has rapidly adopted such solutions is software engineering. 

Organizations have started to investigate and trial the adoption of these tools into their soft-

ware development processes, which is also why this research was commissioned. 

3.2  Machine Learning 

Machine learning is classified as a subfield of AI (Gupta et al. 2021). Essentially, it repre-

sents an algorithm designed to enhance its precision and performance in task execution 

through learning from data (Huang et al. 2023, p. 3). Unlike algorithms that rely on prede-

termined parameters to produce outcomes, ML algorithms derive their knowledge from past 

examples. These examples are organized into a dataset, which is subsequently partitioned 

into three segments: training dataset, validation dataset, and test dataset. The model under-

goes training by utilizing the training dataset. The validation dataset serves as a benchmark 

for assessing the learning performance and guiding the learning process. The test dataset is 
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employed to evaluate the efficacy of the newly trained model. (Santikellur & Chakraborty 

2023, p. 23). 

ML can be divided into four main categories which are supervised learning, unsupervised 

learning, semi-supervised learning, and reinforcement learning (Jo 2021, p. 5). Additionally, 

deep learning is a subset of ML that comprises of all mentioned categories and tackles addi-

tional challenges in AI, such as knowledge representation, reasoning, and planning. (Skansi 

2018, p. 5) ML is an ongoing process that involves the system learning through trial and 

error, Figure 6. The learning cycle is repeated multiple (n) times until a predetermined ter-

mination condition is met. This condition can be based on achieving a specific accuracy level 

or reaching a predefined number of iterations. (Huang et al. 2023, p. 3) 

 

Figure 6. Machine learning training cycle (Huang et al. 2023, p. 4). 

 

In supervised learning, a ML model is trained by using labeled data, which means each data 

point has predefined input features and output labels. By examining these labeled examples, 

the model learns to identify patterns that link input features to the corresponding output la-

bels. Let us consider an email spam detection system. In this context, the training data com-

prises of email messages. The content of each message represents the input features, and 

each message is labeled as either "spam" or "not spam" to determine whether it belongs to 

the spam category. The model then learns to recognize which features are more likely to be 

associated with spam messages, enabling it to predict whether new incoming emails are 

spam or not. (Santikellur & Chakraborty 2023, p. 23) 

Supervised learning can be employed for two primary types of tasks: classification and re-

gression. Classification involves assigning data points to predefined categories or groups. 
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The email spam detection example falls under this category because it classifies emails into 

two groups, "spam" or "not spam." (Santikellur & Chakraborty 2023, p. 23) In regression 

tasks, the output labels represent a continuous range of values, rather than distinct categories. 

For instance, predicting tomorrow's temperature is a regression task, as the output is a con-

tinuous value representing the predicted temperature. (Chase et al. 2022) 

Unsupervised learning operates on unlabeled data, meaning there are no predetermined out-

put labels associated with each data point. Unlike supervised learning, which makes predic-

tions by utilizing labeled data, unsupervised learning focuses on analyzing unlabeled data to 

identify hidden patterns, structures, and similarities in the data itself. Common applications 

of unsupervised learning include anomaly detection, which identifies unusual or unexpected 

data points, and recommendation systems, which suggest products or services that may be 

of interest to users. (Santikellur & Chakraborty 2023, p. 24; Badillo et al. 2020) 

Two common types of tasks where unsupervised learning can be applied are clustering and 

dimensionality reduction. Clustering involves grouping data points that share similar char-

acteristics into distinct clusters. Dimensionality reduction, as its name suggests, aims to re-

duce the number of dimensions in high-dimensional datasets. This process is done by elim-

inating redundant or irrelevant features while preserving the most significant information, 

making the data more manageable for visualization and analysis without compromising its 

integrity. (Santikellur & Chakraborty 2023, pp. 24-25; Badillo et al. 2020) 

Semi-supervised learning, as its name suggests, blends elements from supervised and unsu-

pervised learning. Like supervised learning, it aims to construct a function that can accu-

rately map input variables to output variables. However, semi-supervised learning uses both 

labeled and unlabeled data. In semi-supervised learning, training datasets often include a 

small amount of labeled data and a larger quantity of unlabeled data. The algorithm utilizes 

insights from labeled data to label the unlabeled items by clustering them. This approach is 

particularly useful when labeling all unlabeled items individually is difficult or expensive. 

(Jo 2021, pp. 8-10) An example where unsupervised learning is useful is speech recognition. 

For example, Facebook fine-tuned a speech recognition model using 100 hours of human-

labeled audio data. Then 500 hours of unlabeled data were added, and semi-supervised learn-

ing was applied to further refine the model through self-learning, which yielded a 33.9% 

relative improvement to the word error rate. (Kahn et al. 2020) 
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Reinforcement learning is a form of machine learning where the algorithm acquires 

knowledge through active interaction with its environment and subsequent feedback (San-

tikellur & Chakraborty 2023, p. 25; Gupta et al. 2021). Each action is either rewarded or 

punished depending on if the action was desired behavior, and the algorithm adjusts its pa-

rameters to maximize rewards while minimizing penalties. The feedback from the environ-

ment can be considered as input while the algorithm’s action is the output. (Jo 2021, p. 10) 

Reinforcement learning mirrors a natural learning process, such as a child learning to walk. 

The child explores various movements to maintain balance, where falling serves as punish-

ment, and forward progression serves as a reward. Through numerous attempts, the child 

gradually learns the actions necessary to sustain balance and move forward, adapting their 

actions to receive more rewards. (Santikellur & Chakraborty 2023, p. 25) 

3.3  Large Language Models 

Large Language Models (LLMs) are pretrained Natural Language Processing (NLP) algo-

rithms that apply deep learning techniques to recognize semantic and syntactic relationships 

among words by analyzing text samples within various contexts (Chowdhary 2020). IBM 

(2023) defines the concept of NLP followingly: “NLP combines computational linguistics—

rule-based modeling of human language—with statistical, machine learning, and deep learn-

ing models. Together, these technologies enable computers to process human language in 

the form of text or voice data and to ‘understand’ its full meaning, complete with the speaker 

or writer’s intent and sentiment.” 

Pretraining an NLP algorithm significantly improves its performance on various language 

tasks (Min et al. 2021). To create an LLM, first an NLP algorithm is pretrained with a mas-

sive amount of data. After general pretraining, the model is adapted for a specific task. For 

example, Huang et al. (2023) generated a finance-specific LLM by finetuning Google’s 

BERT algorithm with more finance-specific data. In practice, this for example means teach-

ing the model to associate the word bank with a banking institution instead of a riverbank. 

The researchers concluded that domain specific LLMs trained with more context likely per-

form language processing tasks with better accuracy and therefore can be more trustworthy 

(Huang et al. 2023). 
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One of the main advantages of LLMs is their ability to accurately predict different meanings 

of words based on the context they appear in. This is a significant improvement over tradi-

tional NLP algorithms, which often struggle with this task. LLMs are complex models with 

a vast number of parameters, making it difficult to fully comprehend how they work. The 

parameters of these models can be observed, but their large amount makes it impossible to 

precisely understand how LLMs turn inputs into outputs. (Huang et al. 2023) For example, 

OpenAI’s GPT-4 model comprises of roughly 1.76 trillion parameters (Lubbad 2023). Wang 

et al. (2024) state that increasing parameter scale gives LLM models unique abilities such as 

in-context learning, which smaller amount parameter models do not possess. However, one 

of the disadvantages of LLMs compared to simpler NLP algorithms is their operating costs. 

Training an LLM is an extremely demanding computational process, and therefore consumes 

a vast amount of energy and computational resources, in addition to time. (Huang et al. 2023) 

LLMs can be utilized for many purposes such as automation of repetitive tasks, data-analysis 

and decision preparation, personalization, content generation, summarizing information, ide-

ation, and acquiring feedback on text-based content. As an example of task automation, 

many companies are already using LLM-based chatbots for automating customer service 

tasks (Qureshi et al 2023). LLMs can also analyze large amounts of data to summarize find-

ings or identify patterns significantly quicker than any human could (Frederico 2023; 

Agrawal et al. 2022). LLMs can also adapt and learn from interactions with users and further 

personalize the outputs to match the needs of the specific user the best (Shen et al. 2023). 

These models excel at generating content such as blog posts, marketing material, reviews, 

and essays (Lo 2023). Furthermore, as LLMs are efficient in analyzing large amounts of 

information, they can offer easy access to information and summarize key points on complex 

topics more efficiently than traditional search engines (Cascella et al. 2023). LLMs can be 

used for providing feedback on given input information such as a business proposal (Shalom 

& Vasuda 2023). LLMs can also provide high-level structures and ideation to a topic the 

user would like more information on, and they can act as supplementary tool for acquiring 

multiple perspectives to a topic (Cascella et al. 2023). 

The main concerns related to LLM usage are data quality, privacy, environmental impact, 

interpretability, and output accuracy. Data quality and bias pose significant challenges. The 

vast amounts of data required to train LLMs means verifying that there are no biases or flaws 

is borderline impossible. When an LLM is trained with biased or flawed data, it can generate 
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inaccurate or biased outputs. (Ozkaya 2023a; Szilágyi & Tóth 2023) Furthermore, as LLMs 

rely on data they have been pretrained on, they can perform weakly in areas where the train-

ing data has been insufficient. 

Privacy and content ownership issues arise due to the external origins of training data. The 

potential processing of sensitive information and the need to respect creative rights demand 

clear guidelines and ethical considerations, which are still only under development. (Ozkaya 

2023a; Szilágyi & Tóth 2023) There have also been concerns on how much of the inserted 

data is stored and where, and is it handled securely. For example, Samsung had a sensitive 

data leak after its staff uploaded sensitive code to ChatGPT and the company banned the use 

of the tool from their employees to prevent further data leakage (Gurman 2023). 

The compute and energy-intensive training process also raises environmental concerns. As 

LLM adoption grows, their associated environmental footprint could become substantial. 

Organizations must assess and mitigate the associated environmental impact. (Ozkaya 

2023a) For example, in January 2024, Meta’s CEO Mark Zuckerberg announced that Meta 

is purchasing 350 000 Nvidia H100 Graphics Processing Units (GPUs) to aid with building 

Artificial General Intelligence (AGI) (Koetsier 2024). AGI is a form of AI that is expected 

to exceed human intelligence in every aspect (McLean et al. 2023). These GPUs are specif-

ically tailored for training LLMs, and the investment is estimated to cost Meta around USD 

$9-10 billion (Koetsier 2024). The environmental impact from the required data center cool-

ing and electricity consumption from such operation is significant, and this is just from one 

company. 

Interpretability issues arise from the black box nature of LLMs. As the output is not traceable 

to specific input parameters, the information can be seen as unreliable. (Ozkaya 2023a) Fi-

nally, LLMs are known to “hallucinate” which means they can produce meaningless or in-

accurate content even if it sounds valid (Szilágyi & Tóth 2023). Therefore, users should not 

take the outputs for granted but instead critically review them. When utilizing LLMs, organ-

izations should establish governance mechanisms that consider all these aspects. 
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3.4  Software testing 

Software testing aims to ensure that the System Under Test (SUT) functions as intended and 

meets user requirements. Testing verifies that the software has been developed correctly, is 

easy to use, performs as expected, and tries to identify anomalies in intended functionality. 

Testing is the most expensive part of a software development project, on average taking 50% 

of the budget. Thorough testing is important as fixing a fault during the development process 

costs 1-2% of what it would cost if it were identified after the software has been delivered. 

However, creating completely bug-free software has been deemed impossible, and therefore 

testing aims to catch most of the issues, especially the impactful ones. (Kasurinen 2017, pp. 

8-9; Ramler & Wolfmaier 2006)  

There are tens of different types of testing with their own distinct purposes. Some of the 

most common types of testing are introduced in Table 1. 

Table 1. Common types of software testing (adapted from Myers et al. 2012, pp. 85-135; Sneha & Malle 2017; 

Kasurinen 2024, pp. 103-107; Leloudas 2023, pp. 5-19; Wang et al. 2024). 

Testing type Description 

Unit testing Testing individual small units of a software (e.g., modules, clas-

ses, procedures). Often done by the developer writing the code. 

Integration testing Verifies that the software works correctly when individual unit 

tested modules are combined. 

System testing Tests the whole system focusing on ensuring it meets the de-

signed specifications and functions correctly. 

Acceptance testing Ensures that the system meets end users’ requirements and is 

ready for deployment. 

Regression testing Performed after there has been modifications to the software to 

ensure that the new code has not broken anything or introduced 

new errors. 

Performance testing Verifies system performance on various conditions such as 

scalability, load, and stress. 

Security testing Focuses on identifying vulnerabilities and security risks in the 

software. 

 

There are three main testing methodologies: black box testing, white box testing, and gray 

box testing. Black box testing, alternatively referred to as input-output testing, seeks to val-

idate the external behavior of the SUT without considering the internal structure of the 
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system. It is called black box as the tester does not know what happens inside but relies on 

giving inputs and verifying the expected outputs. The primary objective of black box testing 

is to pinpoint defects in usability, functionality, and performance. White box testing, also 

known as logic-driven testing, aims to verify that all the internal structures of the software 

are implemented correctly. This is done by testing various logical paths through series of 

actions in the program. In gray box testing there is partial knowledge of the system’s internal 

structure, and it combines methods from black and white box testing. In addition to these 

techniques, exploratory testing is a notable mention. In this type of testing, the tester explores 

the system and conducts testing based on experience and intuition. Exploratory testing is 

conducted without predetermined scripts or test cases. (Myers et al. 2012, pp. 8-12; Sneha 

& Malle 2017; Leloudas 2023, p. 2; Khaliq et al. 2022) 

Testing is performed by verifying set requirements for the software. Requirements can be 

functional or non-functional. Functional requirements cover the functional behavior of the 

SUT. For example, a functional requirement would be that the system must send a confir-

mation email when an order is placed. On the other hand, non-functional requirements de-

scribe how well the system should work, covering topics such as reliability, performance, 

and usability. An example of a non-functional requirement would be that the confirmation 

email is sent within 2 seconds from the moment the payment is processed for the order. 

(Dabbagh & Lee 2014) 

An essential activity in testing is test planning, which involves creating a plan and strategy 

for testing the SUT. A test plan includes the testing approach, scope, objectives, and tools 

for conducting the testing. A well-defined testing scope ensures that all crucial functionali-

ties and features are tested, and the application meets the specified requirements. As men-

tioned, no application can be tested to the point of being completely bug free, so prioritiza-

tion is important. Main factors influencing the testing scope are time, budget, and resources. 

(Leloudas 2023, pp. 57-61; Wang et al. 2024) Testing plans should be reviewed and ap-

proved by multiple stakeholders including test architects, testers, management, quality as-

surance, and project managers (Leloudas 2023, pp. 67-68). Additionally, many established 

testing teams have a set of regression tests that are always run when changes are made to the 

software. Sometimes bug-hunting sessions are arranged where testers perform exploratory 

testing that is not otherwise part of their daily work. 



31 

 

Testing is conducted by executing test cases. Test cases should describe what is their purpose 

and what specific functionality they are testing under which conditions. These are created 

based on functional, technical, and design specifications set for the system. Often test cases 

have defined the input data and the expected output, and specific steps to be executed. Test 

cases should be documented clearly as the person writing the test case may not be the same 

person executing it. In a test plan, often test cases are prioritized based on the feature im-

portance they are targeting and likelihood of finding defects. (Leloudas 2023, pp. 63-65; 

Khaliq et al. 2022) 

In manual testing, the tester executes test cases and manually verifies the results. In auto-

mated testing, tools such as scripts or automation systems are used to perform the steps of 

the test case in an automated manner. Some of the benefits gained from test automation are 

saved time and cost, improved test coverage, and increased efficiency. Scripts are pieces of 

code that perform a series of actions in a predetermined sequence fulfilling the requirements 

of a test case. (Leloudas 2023, pp. 161-169) Robot Framework is an example of a test auto-

mation framework. It is a keyword-based framework developed for acceptance testing. In 

Robot Framework, keywords take in arguments and perform a functionality as a part of the 

test case. (Robot Framework 2024) A Robot Framework test case consists of multiple key-

words in a sequence, similarly to automation scripts. 

Another important aspect in testing is defect management, which is a process that records, 

tracks, and communicates defects to ensure they are fixed. It includes the following seven 

stages described in Table 2 below. 
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Table 2. Defect management process (adapted from Leloudas 2023, pp. 66-67). 

Process stage Description 

1. Defect logging Recording the defect to a tracking system. The defect should 

include identifier, issue summary, detailed description of the 

system it was recorded in, steps to reproduce the defect, and 

determined severity. 

2. Defect classification Classifying the defect based on priority and severity. 

3. Defect analysis Identifying the root cause of the issue. 

4. Defect assignment After the root cause has been identified, the defect is assigned 

to a developer for fixing. 

5. Defect fixing The assigned person fixes the defect and updates the status to 

the defect tracking system. 

6. Defect verification The system notifies testers that the defect has been fixed and 

the tester verifies that the issue has been resolved and the fix 

did not impact other parts of the system. 

7. Defect closure After confirming that the defect has been fixed, the issue can 

be marked as closed in the tracking system. 

 

Finally, this chapter presents one of the basic approaches to testing in agile software devel-

opment practices. This is Test Driven Development (TDD) where automated tests are cre-

ated before writing the production code. In TDD, the developer writes a failing test case, and 

then creates code that will pass the written test. TDD by default produces an automated re-

gression test suite as a byproduct of the code development. Furthermore, it enables identify-

ing faults at the earliest stages of the software development lifecycle. (Agha et al. 2023; Moe 

2019) 

This mainly applies to unit tests, but the concept can also be applied to system-level testing, 

where it is often known as Acceptance Test Driven Development (ATDD). In ATTD, ac-

ceptance tests are defined in a collaborative manner with different stakeholders (e.g., cus-

tomers, developers, testers) to get a vision of how the system should behave before beginning 

the development process. In ATTD the team strives to gain clarity and shared understanding 

of the system by creating clear examples of each feature in action. These are then converted 

into automated acceptance tests, which are utilized for driving the software development 

process. (Moe 2019; Gärtner 2012, pp. 13-18) 
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3.5  Leveraging AI in testing 

The software development industry has benefited significantly from recent rapid develop-

ments in AI. As mentioned, over 70% of 89 000 surveyed developers were already using or 

planning to use AI tools in their work during the ongoing year. Among the respondents 25% 

leveraged AI specifically for testing. The perceived benefits include enhanced learning, bet-

ter collaboration, increased productivity, and higher quality. (Stack Overflow 2023) 

Ozkaya (2023b) defines the concept of AI-augmented software engineering as “the use of 

AI-based (while recognizing other tools are involved as well) automated tools to improve 

the efficiency of software engineers and reduce their cognitive load, shifting the attention of 

humans to the conceptual tasks that computers are not good at and eliminating human error 

from tasks where computers can help.” When integrating AI to software development prac-

tices, there are two approaches: AI can complete the task more efficiently with the same 

workflow or AI can complete the task with different, more efficient workflow (Ozkaya 

2023b; Bader et al. 2019).  

As the complexity of software systems has continued to grow, this has also increased the 

need for more effective software testing techniques capable of managing large complex sys-

tems and datasets, where ML offers many opportunities (Wang et al. 2024). The most com-

mon uses of ML in software engineering revolve around quality assurance tasks, particularly 

test automation, test case generation, quality prediction, and bug detection. (Kotti et al. 2023; 

Wang et al. 2023; Shafiq et al. 2021) The most prominent use cases in testing are related to 

test suite evaluation, test refinement, and prioritization (Durelli et al. 2019). A test suite is a 

collection of grouped test cases. Regarding test suite evaluation, especially in large compa-

nies there can be millions of test cases which is an amount that cannot be manually managed. 

Researchers have proposed ML algorithms that identify obsolete and overlapping test cases 

based on e.g., test results and identified similarity (Gove & Faytong 2011; Felbinger et al. 

2016). This enables removing ineffective and redundant test cases, in turn reducing testing 

complexity, lead time for testing, and costs (Durelli et al. 2019). 

Large codebases often include a large amount of corresponding regression tests. Running 

regression tests can take even up to weeks, consuming significant amounts of time and com-

putational resources (Durelli et al. 2019; Rothermel et al. 2001). Therefore, optimization and 

prioritization are needed. For example, Spieker et al. (2017) propose a reinforcement 
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learning based model for prioritizing test cases based on their duration, previous execution 

date, execution results, and failure history. Busjaeger & Xie (2016) created a systematic ML 

framework for ranking test cases based on test coverage of code, content similarity, failure 

history, and test age. Leveraging ML for test case prioritization enables running only relevant 

tests when the codebase is changed, instead of having to run the entire regression test suite. 

Another use case for ML in the testing process is effort estimation. Ali & Gravino (2019) 

reviewed 75 publications on the topic, and found that ML algorithms, particularly artificial 

neural networks, and support vector machine based techniques were the most effective. In 

65% of the studies, ML methods outperformed manual effort estimates done by experts. (Ali 

& Gravino 2019) Currently there does not seem to be a common definition or formula for 

measuring effort estimation accuracy, but instead researchers use many varying methods for 

calculating it. Koskinen (2021) states that ML algorithms have been applied to software ef-

fort estimation for decades, but “such data-driven methods generally suffer from a lack of 

relevant historical project data, and thus are not commonly used in the industry.” 

Applying ML to testing has two main challenges which are data availability and data quality. 

As ML algorithms learn from data, having enough training data in usable format is the main 

challenge for applying ML algorithms to testing. Often significant manual efforts for pre-

processing data by humans is necessary for training ML algorithms. Furthermore, training 

datasets should be robust and from real-world scenarios. Oftentimes systems can perform 

differently depending on e.g., load, region, version, and user behavior. Therefore, training 

datasets should include a wide variety of scenarios. (Durelli et al. 2019; Khaliq et al. 2022) 

When it comes to leveraging LLMs in testing, these can be used for test case generation, test 

oracle construction, feedback, documentation, debugging, ideation, and training (Ozkaya 

2023a; Wang et al. 2024). LLMs can for example generate test cases from given require-

ments or code snippets. These models are especially useful in generating simple unit tests, 

but struggle with more complex tests as they often require full system context. (Wang et al. 

2024) Another use case in testing where LLMs and ML can be leveraged is test oracle con-

struction. In testing, the tester must distinguish between correct and incorrect functioning of 

the system, which is known as the test oracle problem (Barr et al. 2015). Many research 

papers have been published on utilizing AI for constructing test oracles based on e.g., previ-

ous test case data, reinforcement learning algorithms exploring the system states, and map-

ping inputs to expected outputs with neural networks. (Wang et al. 2024; Khaliq et al. 2022) 
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Developers have also found LLMs beneficial in providing suggestions and feedback on their 

generated code (Stack Overflow 2023). This feedback can for example be suggestions on 

reducing code length, improving performance and readability, and reducing the likelihood 

of bugs (Novoseltseva 2023). Furthermore, LLMs can generate documentation from given 

snippets of code, as many possess the capability to also understand coding languages. 

Though as with all LLM-generated content, critically reviewing the output must be empha-

sized due to the possibility of hallucinations. (Ozkaya 2023a; Rahmaniar 2023) Another 

possible issue in addition to hallucinations is biased training data. In testing context, this can 

for example mean favoring certain types of testing solutions that may be suboptimal for the 

system in question. Furthermore, if the training data has been flawed (e.g., includes faulty 

tests), this can introduce quality and security risks to AI-aided testing. 

LLMs can also be utilized as effective tools for debugging. Beganovic et al. (2023) found 

that ChatGPT can assists in debugging by predicting bugs and explaining how to fix them. 

Mukherjee & Rahman (2023) used an LLM to generate answers to follow-up questions on a 

bug report to explain the bug further. Mahbub et al. (2023) further trained an LLM with bug-

fix commit data and used it to generate natural language explanations of software bugs for 

easier understanding of the issue. Many researchers have proposed further LLM solutions 

for debugging including automated code analysis for bugs, LLM creating test scenarios and 

running them for a given code snippet for automated debugging, and applying LLMs for 

fault localization from failing test cases (Wang et al. 2024). However, the effectiveness of 

LLMs on debugging largely depends on if they have been trained with similar problems and 

pieces of code relative to the use case (Surameery & Shakor 2023). 

LLMs such as ChatGPT are also effective in generating quick training summaries, workshop 

structures, and explaining what snippets of code do in natural language. These can also be 

leveraged for aiding testers in creativity and ideation process for e.g., designing a test case 

or test planning. These tools are particularly useful for generating novel ideas that have the 

capability to disprove the tester’s preconceptions. (Ahmad et al. 2023; Novoseltseva 2023) 

Code explanation can aid in troubleshooting by helping the tester understand why a piece of 

code is functioning in a certain manner.  

LLMs also pose opportunities for early-stage testing activities such as requirements engi-

neering and test planning. However, commercially available LLMs generally do not perform 

well in these tasks because there is little relevant open-source training data available, as these 
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documents tend to be internal for software companies. It has been noted that prompt engi-

neering plays a huge factor in usefulness of LLM output in all use cases. Prompt engineering 

refers to formulating queries in specific ways to get desired outputs. (Wang et al. 2024) 

LLM-based coding assistant tools can also be used for accelerating test case development 

process. In a 2023 survey of over 400 respondents of developers on GitHub, the following 

use cases were identified: code auto completion, documentation, test case generation, brain-

storming of concepts, learning new languages or libraries, and generating repetitive code 

like boilerplate templates and unit tests. The participants of the survey also described their 

strategies to get the best output from coding assistant tools. These included specifying clear 

instructions, giving additional code context, following popular coding conventions, and 

breaking down the prompts into smaller parts for better results. (Liang et al. 2023) Vaithil-

ingam et al. (2022) also found coding assistant tools with chat functionality can act as re-

placements for internet search for coding related questions. 

Even though LLMs offer lots of opportunities for testing, they are still in early stages of 

development and their usage poses some challenges. Regarding test case generation, LLMs 

tend to favor specific type of data they have been trained on, and therefore cannot generate 

enough variety in test case scenarios to create large test coverage of the system. This issue 

highlights the lack of testing-specific training data available to LLMs. Furthermore, many 

software companies are reluctant to adopt commercial LLMs due to data leakage risks and 

potential copyright issues. Many prefer to finetune their own models where the training data 

stays inside the organization. As mentioned, another challenge in training LLMs is that it 

consumes significant computing resources and requires massive amounts of data in useful 

format. Preparing these training datasets is very resource-intensive work. (Wang et al. 2024) 

Finally, creating and training LLMs requires specific expertise which is currently scarce in 

the job market, and companies might face challenges in acquiring experts to effectively cus-

tomize their own AI solutions (Spitz 2022; McKinsey & Company 2019b). 

When it comes to utilizing AI in R&D testing context, privacy is a crucial factor. Many AI 

tools use inputs as training data, and in R&D this can mean leaking company Intellectual 

Property Rights (IPR). Also, sometimes new inventions are created which can potentially be 

patented. This raises the question of ownership and copyright issues; if an invention is cre-

ated with the help of AI, who is the inventor? Can such an invention be patented? Ballardini 

et al. (2019) state followingly: “With increasingly advanced AI, the roles of author/inventor 



37 

 

are likely to become less clearly defined. This will challenge the established notions of au-

thorship and inventorship in copyright and patent laws.” Hugenholtz & Quintais (2021) stud-

ied the EU copyright framework and concluded that “We believe that the EU copyright 

framework is generally suitable and sufficiently flexible to deal with the current challenges 

posed by AI-assisted creation. Producers of AI-assisted output will in many cases enjoy cop-

yright protection. Moreover, “authorless” AI output might still qualify for protection against 

misappropriation under less demanding IP regimes.” It is important to keep in mind that 

regulation around AI is constantly developing and updates should be carefully reviewed. For 

example, during the writing of this thesis in March 2024, the European Union approved a 

major set of regulatory ground rules for AI development and usage, known as the EU AI Act 

(Gilchrist 2024). 

Finally, the questions of ethics in AI usage must be considered. If an AI tool misdiagnoses 

a patient in a medical setting, who is responsible? Is it the tool user, the tool developer, or 

the doctor who signed the diagnosis? This is clearly an ethical dilemma, and similar can be 

applied to testing. If a system is cleared as tested with the aid of AI, but significant faults are 

found in later stages, who is responsible? These are questions organizations must address in 

their policies for AI usage and make them clear to all affiliated stakeholders (Jobin et al. 

2019). Based on this reviewing literature, the identified opportunities and challenges for lev-

eraging AI in software testing are summarized in Figure 7. 

 

Figure 7. Use cases and challenges for AI in software testing. 
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4  Change management 

This chapter introduces the concept of change management and presents success factors for 

change initiatives identified in research. Then, a selected change management model that is 

applied in creating the change management plan is presented. 

4.1  Organizational change 

Moran & Brightman (2000) define change management as “the process of continually re-

newing an organization’s direction, structure, and capabilities to serve the ever-changing 

needs of external and internal customers.” Stobierski (2020) states that organizational 

change management is a process that guides organizational change to successful outcomes, 

and often includes three distinct phases which are preparation, implementation, and follow-

up tracking. 

Organizational changes can be split into two categories: adaptive and transformational 

change. Adaptive change refers to small incremental adjustments to existing processes. 

Transformational change is larger in scale and scope, and involves major shifts in e.g., mis-

sion, strategy, structure, performance, and processes. Many transformation initiatives in-

clude characteristics of both change types, and therefore the change process must be tailored 

to match the unique needs and challenges of the given initiative. (Stobierski 2020) 

Preparing for organizational change should start from defining the change, understanding 

why it is needed, and acquiring support from the organization. Then, a roadmap can be cre-

ated that defines how different stakeholders will be affected by the change, and what are the 

measures of success. During and after the change process, outcomes and performance as-

sessments should be conducted regularly. (Stobierski 2020) Furthermore, employees must 

be kept up to date and trained on new practices. Set goals can be readjusted during the pro-

cess if necessary. (Stobierski 2020) 

A common paradox in change management is that change leaders should be promoting 

change but also ensuring stability for employees. Finding a balance between renewal and 

stability is a difficult task, where many factors such as organizational culture and individual 
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perceptions play a big role. Employees would like to have a stable work environment, but 

the external environment keeps constantly changing, which also requires internal changes to 

stay competitive and meet new customer needs. One major role of change leaders is to create 

a safe environment where employees can collaborate, take risks, and voice their ideas freely. 

Also involving people in change initiatives is important, and therefore a change leader 

should talk with people and ask their opinions on what is not working well and what they 

would like to change. (Moran & Brightman 2000) 

4.2  Success factors for change initiatives 

In a popularly referenced article in Harvard Business Review, Nohria & Beer (2000) state 

that roughly 70% of all change initiatives fail to achieve their goals. This figure is still used 

as de-facto benchmark as of today (Ellmer et al. 2024; McKinsey & Company 2019a). How-

ever, Hughes (2011) critically examined five individual research publications that led to this 

figure and concluded that there is no valid reliable empirical evidence to support this narra-

tive. The researcher concludes that e.g., strategy consultancies likely continue pushing this 

narrative to promote their consulting services. Some of these companies are also viewed as 

industry thought leaders, so the narrative remains strong. It can be stated that there is a source 

of truth that many transformation initiatives fail to deliver the intended benefits and meet 

their set targets (Bucy et al. 2017), but calculating a definitive rate of success is difficult as 

many set targets are — and should be — adjusted as the change initiative progresses. 

The main causes for failure are employee resistance, lacking management support, too fast 

pace of change, and unclear objectives (Lauer 2021, pp. 45-46; Ewenstein et al. 2015). In 

the current business landscape, change is faster and more prevalent than ever. Organizations 

must adapt continuously to new opportunities and threats such as new technologies, chang-

ing customer needs, and increasing competition. (Schulz-Knappe et al. 2019) This requires 

leaders to make decisions faster and employees to be more flexible and collaborative in the 

changing environment. Organizations who can sustain continuous change stand to gain sig-

nificant competitive advantage. (Ewenstein et al. 2015) 
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4.2.1  Psychological safety 

As a part of continuous change, organizations are increasingly urging employees to contrib-

ute to the enhancement of processes, practices, and the exploration of new methods of work-

ing. This type of behavior can induce anxiety in individuals, as voicing new ideas might 

challenge established routines which other members of the organization prefer. Additionally, 

experimenting with new methods can be unsuccessful, which might lead to individual ex-

perimenting employees to be viewed in a negative manner. (Newman et al. 2017) According 

to Edmondson (1999) “The provision of a psychologically safe work environment i.e., one 

in which employees feel safe to voice ideas, willingly seek feedback, provide honest feed-

back, collaborate, take risks and experiment, is one way to overcome such threats to individ-

ual and organizational learning.” Psychological safety has been recognized as the most im-

portant trait of high performing teams and demonstrated to increase team and individual 

learning across many organizations and industries (Yousif et al. 2024; Murray et al. 2022; 

Liu et al. 2014). 

A commonly agreed definition of psychological safety comes from Edmondson (1999) as a 

“shared belief amongst individuals as to whether it is safe to engage in interpersonal risk-

taking in the workplace.” Newman et al. (2017) describe a psychologically safe workplace 

followingly: “In a psychologically safe work environment, employees feel that their col-

leagues will not reject people for being themselves or saying what they think, respect each 

other's competence, are interested in each other as people, have positive intentions to one 

another, are able engage in constructive conflict or confrontation, and feel that it is safe to 

experiment and take risks.” Psychologically safe work environment encourages employees 

to voice their concerns, communicate openly, and seek more feedback (Pearsall & Ellis 

2011). This in turn leads to increased learning and collaboration. The difference between 

psychological safety and trust is that trust focuses on how one person views another, and 

psychological safety on how group members perceive a community. (Newman et al. 2017) 

Leaders play a significant role in creating a culture of psychological safety. Leaders should 

promote inclusion, speak up culture, and openness in their teams. Additionally, healthy in-

terpersonal relationships between team members also promote psychological safety. When 

it comes to team members, peer-support and developing trust over time strengthens psycho-

logical safety. (Murray et al. 2022) According to Grailey et al. (2021), creating a culture of 
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psychological safety takes years. Research shows that high psychological safety has a sig-

nificant positive impact on employee retention. Empathetic leadership is one of the most 

important factors for building a culture of psychological safety. (Yousif et al. 2024) Table 

3 describes ways psychological safety can be promoted in the workplace. 

Table 3. Activities for promoting psychological safety (adapted from Yousif et al. 2024; Murray et al. 2022; 

O’Leary 2016). 

Activity Description 

Encourage open 

dialogue 

Encourage employees to speak up when there are concerns and areas 

in need of improvement. Open communication should highlight that 

it is acceptable to make mistakes to learn and then improve. 

Emphasize 

importance of 

speaking up 

To act as role models, leaders can share experiences when speaking 

up was important for achieving certain goals and avoiding mistakes. 

Hold regular 

retrospectives 

Provide opportunities for the team to reflect how they are doing, fo-

cusing on sharing ideas for improving the work environment. 

Be authentic and 

transparent 

Leaders should openly share their mistakes and the lessons learned 

from them. They should also be open on not having all the answers, 

which encourages team members to contribute their own ideas with-

out fear of judgement. 

Build a culture 

of trust 

A culture of trust involves setting clear expectations, being consistent 

and inclusive, and leaders acting role models for desired behaviors. 

Individual team members can also build trust by openly voicing their 

concerns with each other. 

Challenge ideas, 

not people 

Make sure criticism focuses on substance of the work instead of peo-

ple who did the work. Focus on opportunities for improvement and 

acknowledge employees for their contribution. 

Make team 

members feel 

valued 

When individuals feel that leaders genuinely care about their work 

and contribution, they feel valued, which leads to overcoming fears 

on taking risks. Sharing contributions made by individuals ensures 

team members value one another. Leaders should also display appre-

ciation towards different roles and responsibilities of their team mem-

bers. 

Consider 

cultural context 

Cultures have different norms for interaction on e.g., sharing 

thoughts and feelings. Considering these differences, leaders should 

not pressure anyone to be open with them, but instead create a safe 

space to do so when employees are ready and feel comfortable. 



42 

 

4.2.2  Communication 

Human minds are conditioned to resist change. Behavioral science has identified change-

resisting human norms such as status quo bias, where people tend to favor known stable 

environments over new ways of working, and loss aversion, where people tend to fear failure 

more than seek success. How change is communicated greatly influences individuals’ reac-

tions to it. (Ellmer et al. 2024; Schulz-Knappe et al. 2019; Strebel 2009) 

According to Myers (2011), employees actively support change that they perceive as bene-

ficial. It can for example indicate that the organization is growing and staying up to date and 

competitive. If employees have positive attitudes towards set objectives of the change pro-

cess, they are likely to actively support the initiative (Jimmieson et al. 2008). Accordingly, 

in communication strategies, it is critical to create a positive perception of the change initi-

ative to acquire support and reduce resistance (Schulz-Knappe et al. 2019). 

According to Kislik (2018), change should not only be announced in an all-hands meeting, 

but smaller team and individual follow-up conversations should be held to address employ-

ees’ concerns and questions. The people communicating the change should be equipped with 

sufficient briefing, understanding, and training materials to explain the context and address 

potential follow-up questions. It is important to describe an issue in the organization and 

how the new solution helps in resolving it. Furthermore, all individuals should understand 

how they also benefit from the change, either directly or indirectly through the organization. 

In addition to informing employees, involving them is even better. Giving employees 

choices and involving them in crafting the solution makes them feel more respected and 

supported in times of change. The general rule of thumb is the more informed people are, 

the more comfortable they are with the change. (Kislik 2018; Sanchez 2018) 

Communicating empathetically is critical — how information is communicated matters even 

more than what is communicated. According to Sanchez (2018), considering audience pro-

files, i.e., key employee segments, is important when deciding on how to communicate 

change. Interviews are an effective tool for understanding typical mindsets including beliefs, 

feelings, questions, and concerns related to the upcoming change. For example, employees 

who are excited about the change can be encouraged to motivate their peers. Demonstrating 

humility and responsibility is also important. If an employee asks something that was not 
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thought of, instead of faking through it, being genuine and saying that was not anticipated 

and it is an important question that will be addressed is good practice. (Sanchez 2018) 

A successful communication strategy addresses emotional and informational needs of em-

ployees (Christensen 2014). The communicated information should include motives, 

measures, and goals. Employees who cannot assess the consequences of the change initiative 

are more likely to resist it, and the other way around; the higher the perceived quality of 

information is, the lower the resistance. (Schulz-Knappe et al. 2019; Lewis et al. 2006) 

Truthful, and complete presentation of the change initiative is a factor that raises acceptance 

among employees (Allen et al. 2007).  

A structured top-down approach where leadership presents the information to employees 

may not be the most suitable way to communicate change, as it creates a risk of disregarding 

employees’ views and therefore causing resistance. A more participatory approach focusing 

on dialogic communication and co-creation enables employees to feel empowered and thus 

creates a higher acceptance of the change. (Russ 2008) To summarize, good change com-

munication provides complete and honest information in a manner that addresses the em-

ployees’ concerns and provides options for participation. 

4.2.3  Organizational context 

Literature indicates that when employees have high job satisfaction and feel that the organ-

ization fulfills their expectations, they are more willing to participate in change processes. 

However, employees with very high level of satisfaction with the current state of the organ-

ization may resist change as they want to maintain the status quo. (van den Heuvel et al. 

2015; Madsen et al. 2005) Another affecting factor is trust in management and the people 

driving the change (Oreg et al. 2011). The level of trust to people implementing and com-

municating the change correlates with the employee response (Stanley et al. 2005; Van den 

Heuvel et al. 2015). 

Individual personalities also affect how employees react to change. Stanley et al. (2005) 

found that individuals with more skepticism have the need of being in more control to feel 

safe, and organizational change can make them perceive loss of control resulting in negative 

attitudes towards the change. Similar can occur with individuals who do not tolerate 
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uncertainty well. Personality characteristics that promote change also exist; research has 

found that individuals’ willingness to learn is one of the most important factors in embracing 

change (Schulz-Knappe et al. 2019). Cunningham et al. (2002) found that employees with 

high problem-solving skills are also more ready to embrace change. 

Oakland & Tanner (2007) highlight the impact of having a project champion or sponsor for 

a change management initiative. Usually, this person is a member of the management team, 

and their responsibility is to keep the change initiative ongoing, and they are willing to use 

their political influence to make the change happen (Mansaray 2019). Often project cham-

pions are motivated through personal stakes, for example, delivering a successful change 

initiative may accelerate their career in the organization (Carucci 2021). This person is often 

responsible for establishing a steering committee to oversee the initiative’s progress and 

make decisions quickly with relevant stakeholders (Ellmer et al. 2024). They have an im-

portant role in setting direction, inspiring and motivating change throughout the organiza-

tion, and in ensuring successful implementation (Oakland & Tanner 2007). 

4.2.4  Goal setting 

According to Bucy et al. (2017) who tracked 18 transformations at 13 organizations with 

transformation impact ranging from $450 million to $4 billion, the estimated impact on av-

erage usually decreases by 70% as the initiative progresses. This indicates that often impact 

estimates are very optimistic. Often the biggest ideas are the riskiest, and most value was 

captured by pursuing smaller initiatives requiring fewer layers of approval and less coordi-

nation. Metrics for goal measuring should also be chosen carefully; the authors found that 

only 29% of the set metrics are used throughout the transformation initiative, stating that 

others are just noise and confusion. (Bucy et al. 2017) 

A gold-standard for setting objectives and goals is writing them as SMART statements. The 

acronym stands for Specific, Measurable, Achievable, Relevant, and Time-Framed (Bjerke 

& Renger 2017). The method has been applied widely in many industries for management, 

program planning, and evaluation. Specific should answer questions such as what must be 

accomplished, who are involved, and what steps are taken to achieve the goal. Measurable 

means that the goal can be quantified, which makes it easier to track progress in an objective 

manner. Achievable refers to the goal being realistic and something that can be reasonably 
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accomplished. (Boogaard 2023) Unachievable goals can result in loss of motivation or too 

high workload (Frattini 2022). Relevant refers to linking the goal to the big picture, i.e., 

connecting it to larger organizational objectives. Finally, time-framed means the goal should 

have a defined timeline when it should be reached to stay on track with progress. (Boogaard 

2023) 

4.3  ADKAR model 

The ADKAR model was introduced by Jeffrey Hiatt in 2006. During his career, Hiatt worked 

as an engineer and program manager at Bell Labs, gaining experience in change manage-

ment, which led him to found Prosci, a change management consultancy. Prosci currently 

provides the most popular change management certifications with over 100 000 people en-

rolled and certified and has partnered with 80% of Fortune 100 companies. (Prosci 2024) 

The ADKAR model is widely recognized for change management in literature and industry 

(Jaaron et al. 2022; Tang 2019). The acronym comes from the words Awareness, Desire, 

Knowledge, Ability and Reinforcement, which according to the model are the five individual 

needs for successful change. 

Other considered change management models were Kotter’s 8-step model and Lewin’s three 

step-model. Kotter’s model accounts for every stage of the change initiative with detailed 

steps and fits the general purpose of this thesis quite well. However, the model’s disad-

vantage is that it is structured with a top-down approach and discourages employee partici-

pation (Laig & Abocejo 2021; Pollack & Pollack 2015; Choi et al. 2011). In this thesis, 

involving the testing experts is crucial because the experts as end users of the AI solution 

know their needs the best. The co-creative approach in this thesis includes e.g., gathering of 

feedback, ideas and utilizing peer learning. Supporting this approach, the thesis instructor as 

an experienced transformation manager advised adopting a bottom-up approach based on 

previous experiences at the organization. 

The second alternative option, Lewin’s three-step model, describes that change happens 

through unfreezing the status quo, introducing the change, and refreezing the new state to 

solidify the change (Lewin 1943; Hussain et al. 2018). The model is also decently applicable 

to this study, but it only provides a high-level structure for executing change initiatives 

(Cummings et al. 2016), and this study benefits from a more detailed approach that accounts 
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for topics such as learning new skills. Out of these three models, the ADKAR model fits the 

objectives of this thesis the best. It encourages adopting a bottom-up approach (Thekkekara 

2023) with sufficient level of structure and suits a smaller scale transformation initiative, 

i.e., introducing AI to the R&D department’s testing process. If the case study was executed 

on a more strategic level, e.g., introducing AI on a business unit level, other models would 

be more fitting. 

Hiatt explains the ADKAR model is a framework for motivating and facilitating change on 

an individual level. The model can be used for 1) diagnosing employee resistance to change, 

2) helping employees transition through change process, and 3) developing a change man-

agement plan for a set objective. (Hiatt 2006, p. 131) In this thesis, all these objectives are 

relevant. One of the questions this thesis aims to answer is how to change an individual 

testing expert’s behavior and ways of working to include a new AI solution, which the AD-

KAR model helps in answering. For change to happen, individuals should progress through 

each ADKAR stage sequentially. (Hiatt 2006, pp. 1-3) These are illustrated in Figure 8. 

 

Figure 8. The ADKAR model elements (adapted from Prosci n.d.). 

 

The model begins from creating awareness, i.e., explaining the business reasons for the 

change. Desire to participate in the change is the next step and can be achieved by involving 

the affected employees, explaining the benefits, engaging in transparent dialogue, and 



47 

 

applying resistance management techniques. Then knowledge about how to change is pro-

vided through training and coaching, which in turn results in ability to realize and implement 

the change. Developing ability requires additional coaching, practice, and time. Finally, re-

inforcement ensures that the new way of working sticks. This is done through measurements 

and tracking, corrective actions, and recognition of success. (Prosci n.d.) Prosci describes 

that successful change simultaneously matures from the organizational dimension and indi-

vidual dimension with corresponding maturity phases, Figure 9. 

 

Figure 9. Individual and organizational dimensions of change process (Prosci n.d.). 

 

Let us examine the individual elements of the model more in depth. The first step is creating 

awareness, which is achieved when a person understands the type of change, why it is re-

quired, and what happens if the status quo is not changed. When change is presented, em-

ployees will ask their colleagues and supervisors the following questions: 

• Why is this change necessary? 

• Why is it happening now? 

• What is wrong with what we are doing currently? 

• What will happen if we do not change? (Hiatt 2006, pp. 5-6) 

 

One of the main reasons for resistance is lack of awareness on why something is being 

changed. To foster awareness, it is important to convey the business reasons for the change, 

explain its necessity by providing valid reasons for changing and emphasizing the risks of 

not changing. (Hiatt 2006, pp. 6-7) The author of the model explains: “Building awareness 

is a process; you cannot assume that a single message or event will result in uniform aware-

ness of the need for change. Awareness is not achieved based on the messages sent, but 
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rather how the messages are received and internalized by each person. The only way you 

can measure awareness is through interactions and feedback.” (Hiatt 2006, p. 64) 

When communicating awareness, the following topics should be addressed: 

• The nature of the change and how it aligns with the organization’s overall vision. 

• Reasons why the change is necessary and needs to be done now. 

• The risks of not changing. 

• The external environment factors contributing to the need for change. 

• Timeline for the change. 

• Who will be impacted and how. (Hiatt 2006, p. 65) 

 

Effective communication should tailor messages towards different audiences and utilize 

multiple communication channels. As change management literature revealed, one of the 

influencing factors on resistance is perceived trust in the person communicating the change. 

Therefore, also the preferred senders should be identified to each target audience. Often em-

ployees’ preferred senders of information are the business leaders and their direct supervi-

sors. Additionally, the importance of a change champion or sponsor was highlighted. This 

can be a person in charge, and their job is to emphasize why the change is needed. Employees 

generally trust this person, as they are perceived to have the broadest perspective and deepest 

understanding of the business on a larger scale. The sponsor should not just sign one email, 

or speak at one event, but instead be visible and active throughout the entire change process 

by staying engaged with affected stakeholders. People require hearing a message from four 

to seven times before they will remember it well, and therefore one email or presentation at 

the beginning of a change initiative is not enough. (Hiatt 2006, pp. 65-69) 

Additionally, managers can put the change to the employee’s perspective by coaching them 

and communicating what the change means for them personally. Managers act as important 

stakeholders for collecting feedback, addressing the employees’ questions and concerns, and 

raising further awareness on the change. For example, addressing questions and concerns 

can be done on regular one-on-one meetings with supervisors and their direct reports. (Hiatt 

2006, pp. 69-71) Finally, as literature revealed, perceived transparency, openness and 

amount of information contributes to positive attitudes towards change. Therefore, when 
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possible, openly sharing impacts and business results of the change initiative is a good prac-

tice. 

Desire, as the second element of the ADKAR model, represents motivation to participate in 

the change. Creating desire mainly comes down to individual’s internal motivation, which 

is difficult to influence externally. As mentioned in literature, factors such as organizational 

context and history, perceived benefits, intrinsic motivators, and personal situations influ-

ence the desire to participate in the change. Desire can be promoted with active change ini-

tiative sponsor engagement, effective communication, equipping managers to be change fa-

cilitators through active dialogue and resistance management, and involving the employees 

in the change process (Hiatt 2006, pp. 79-89). Common sources of resistance for change 

from employee side are the following: 

• Employees being unaware of the business reasons for the change. 

• Layoffs being announced or feared because of the change. 

• Employees perceive they will require skills they currently lack. 

• Individuals satisfied with the current state fear the change might result into worse 

state for themselves. 

• Employees perceive they will be required to do more with the same time and pay. 

(Hiatt 2006, p. 90) 

 

Effective techniques for managing resistance are explaining the importance of the change, 

engaging in active dialogue addressing concerns, providing choices, explaining conse-

quences of not changing, and encouraging others through social proof. (Hiatt 2006, pp. 90-

95) Social proof refers to a human tendency to mimic behavior from peers (Das et al. 2014). 

For example, trusted experts can communicate the benefits and reasoning of the change, and 

peers can share their own positive experiences to encourage others. 

The third element of the model, knowledge, describes how to implement the change. There 

are four factors which influence the degree of required knowledge acquisition for individu-

als. These are the current knowledge level, capability to learn, availability of resources, and 

access to required information. (Hiatt 2006, pp. 23-30) Knowledge can be developed through 

training and education, on-the-job learning, coaching, and user groups and forums. Training 

programs should include hands-on assignments to increase knowledge assimilation and 
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participant interest. Coaching is important for employees to be able to ask questions and 

receive help when facing obstacles in their training. Finally, user groups and forums can 

share success stories, tips and tricks, and best practices to promote peer learning and encour-

age others. (Hiatt 2006, pp. 100-112) 

Ability as the fourth elements refers to applying the acquired knowledge. A common mis-

conception is that knowledge automatically leads to ability. It takes time to develop and 

apply the required new skills and repetition is key to foster new ability. Managers can ask 

how employees are finding the learning process and if they need additional resources or 

coaching for further learning. More experienced peers may help upskilling other employees. 

Hands-on exercises during training also help the employees transition from knowledge to 

ability. Finally, applying the new knowledge in employee’s day to day job is the most effec-

tive demonstration of ability. (Hiatt 2006, pp. 113-118) 

The fifth and final element, reinforcement, refers to actions and events that strengthen and 

reinforce the change within individuals and the organization. Examples of reinforcement can 

be private or public recognition, rewarding, group celebration, and acknowledgement of pro-

gress. Appreciation of a supervisor can be enough reinforcement for employees to perceive 

the change as beneficial. Often individuals know when they have succeeded with the change, 

but recognition lets them know the change is important and meaningful. Celebrating small 

successes can even be turning points for new change, where a change becomes the new nor-

mal. Also, feedback should be collected from employees on their thoughts with the change. 

Finally, accountability systems, such as measurement of progress can help reinforce change. 

In the absence of reinforcement, people tend to revert to old habits and ways of working. 

(Hiatt 2006, pp. 37-41) 

A summary of the main activities related to achieving each element of the ADKAR model 

is presented in Figure 10 below. 
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Figure 10. Activities for achieving the ADKAR elements. 

 

Let us look at the ADKAR model with an example of introducing a new software tool to an 

organization. Starting with awareness, if employees are not aware that change is needed, 

they might think that this is a waste of time or that everything was working fine before. A 

natural human reaction to change is resistance, and awareness is an important factor in over-

coming resistance. In this example, if the employees understand that the old software has 

reached end of support or the new software will enable them to work more effectively, the 

employees are more likely to accept the change. They might then instead be thinking of 

topics such as how this is impacting me, how soon is this happening, and will I be trained 

on this new tool. (Prosci n.d.) 

When awareness has been raised, it is time to create desire. If the employees have low desire 

to use the new tool, they are not interested in changing and might be wondering “what is in 

this for me?” Employees’ personal barriers and motivators contribute to the level of desire 

for adopting the new tool. Direct managers are the best people to help resistant employees 

through translating the change into the employee’s own context. This includes dialogue with 

the employee to help connecting the change to the employee’s personal motivators and iden-

tifying what causes the resistance. (Prosci n.d.) 

When awareness and desire have been created, it is time to start providing more knowledge 

on using the new tool. Prosci emphasizes that these two initial stages should be achieved 

before sending employees to training, as otherwise many are not prepared to learn and un-

derstand why they should learn this new tool. In addition to knowledge sharing, training 
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programs should involve hands-on applying of the tool to similar situations the employees 

face in their daily work, as this type of training yields the highest retention of knowledge. 

(Prosci n.d.)  

After the employees have gained understanding of using the new tool, there still might be a 

gap between knowledge and ability. Prosci describes that knowledge relates to knowing what 

to do, while ability refers to being able to use that information. The change occurs when the 

new tool is used in a real-world work environment. To bridge this gap, employees often 

benefit from coaching and practice in the form of e.g., formal training or simulated example 

scenarios. In building ability, the key is that employees have the chance to try out the tool, 

make mistakes, and ask questions without consequences. It is important to understand adopt-

ing changes takes time. (Prosci n.d.) 

Finally, as ability has been built, the change must be reinforced for it to become the new 

normal. Humans are wired to revert to old habits, which in this case can for example be 

employees using workarounds and relying on old ways of working instead of the new tool. 

In the reinforcement stage, change facilitators must monitor if the change is sustaining. In 

this case it refers to having an understanding on e.g., who are using the new tool successfully 

and what sort of benefits have been achieved with it. One core element of reinforcement is 

recognition, and in this context, it can be celebrating the implementation of the new tool and 

rewarding employees for adopting it. Those who have reverted to old ways and workarounds 

should be understood; what are their barriers for changing? For example, they might high-

light they need more training and coaching, or might be missing some of the previous AD-

KAR elements. (Prosci n.d.) 
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5  Testing community’s views on AI and change 

This chapter focuses on discussing the findings from the interviews. First, the testing process 

at the organization is described on a high level for common understanding of the stages. 

Then, the testing experts’ attitudes towards AI and change are discussed and analyzed. Ad-

ditionally, team managers’ perspective on their role as facilitators of change is presented. 

5.1  Current testing process 

The testing process at the R&D department starts from receiving a description of a new 

feature to be tested from product management. After this, there are eight different stages, 

which are listed in Table 4 below. 

Table 4. Testing process stages and roles involved. 

Testing process stage Participants 

Feature definition Test Architect 

Technical analysis Test Architect & Product Management 

Effort estimation Test Architect 

User scenario and requirement definition Test Architect & Test Engineers 

Testing strategy creation Test Engineer 

Planning & preparation Test Engineer 

Execution Test Engineer 

Automation Test Engineer / Automation Engineer 

 

Starting from the feature definition, this is a stage where the test architects define a list of 

initial requirements and an effort estimate for testing a new feature. Then these requirements 

are specified further in the next technical analysis stage, focusing on the feasibility of testing 

the feature. This stage defines the expected impact on the existing product, high level cus-

tomer user stories, identified system dependencies, and supported hardware. Next, as the 

feasibility and feature have been further detailed in the technical analysis, the test architects 
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form a high-level testing strategy, configurations for testing, and update the effort estimate 

with more details. 

After this stage, the test engineers also get involved by defining detailed user scenarios, re-

quirements, and acceptance criteria. This user scenario and requirement definition stage 

forms a comprehensive document on these topics, which is then handed to a responsible test 

engineer who formulates a detailed testing strategy based on this information. The testing 

strategy defines the testing environment, responsible teams, tools, methods, acceptance cri-

teria, and specific test cases that are to be performed. Then the testing environment is pre-

pared, and the test cases are executed. As the final step, if the feature includes test cases that 

should be tested with all new releases i.e., in a regression manner, those test cases are auto-

mated and included into the regression testing suite. The automation involves writing scripts 

for performing the test cases, and this is done either by a test engineer or automation engi-

neer. 

5.2  Insights from testing experts 

A total of 15 semi-structured interviews were conducted with test engineers, test architects, 

and team managers from three sites where the R&D department operates. The interviewee 

distribution was determined by team size, e.g., the site 1 team was the largest and therefore 

had the most interviewees. The distribution of interviewees by site is displayed in Figure 

11. 

 

Figure 11. Distribution of interviewees per site. 
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The distribution of interviewees between different roles is illustrated in Figure 12. 

 

Figure 12. Distribution of interviewees per role. 

 

The reasoning behind the role distribution is following; at least one test architect and team 

manager from each site was selected, and the rest were test engineers with varying tasks and 

amounts of experience. Among the interviewees, the average tenure at the company was 14 

years, ranging from 5 months to 34 years. The average years of experience with testing was 

9 years, highlighting that people had worked with different tasks at the company in addition 

to testing. Non-testing backgrounds were mainly from software design and development, 

project management, and system administration. The interviewees worked on a wide variety 

of testing tasks including testing strategy development, test planning, project management, 

effort estimation, test automation, reporting, monitoring, laboratory support, PoC integration 

work, robustness testing, test environment preparation, and debugging. 

When it comes to understanding AI, nearly all interviewees had grasped the basic concepts 

either through formal learning, working on AI-related projects, or out of their personal curi-

osity. AI was mainly associated with handling and analyzing large amounts of data and 

learning from it. Some were very enthusiastic about the topic and had studied on in their 

personal time, highlighting the enjoyment of studying through podcasts, blogs, and videos 

instead of formal training material. When it comes to more technical understanding, only 

few had studied the underlying operating principles either through personal or work projects 

or as a part of a master’s degree. None had actively followed the company internal or external 

discussion around AI topics. 
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All the interviewees stated that they think AI will become a part of their job in the near 

future, and that they believe AI is something that can help them work more efficiently and 

productively. The following are direct quotes from interviewees when queried if they think 

AI will become a part of their job in the future:  

Team Manager A: “Yes for sure, if not, other firms are beating us.” 

Senior Test Engineer: “Yes, and it will make my job easier, but the end responsibility 

is always on the human.” 

Team Manager B: “Definitely, AI is the future and the growth in that area is exponen-

tial.” 

Test Architect: “Yes, this is a massive area, and we should take AI into use in testing 

as soon as possible." 

When asked if the interviewees think AI can replace their job, the answers ranged from never 

to not in a long time. Based on this, among the testing community there is little fear of being 

replaced by AI. 

Test Engineer: “Maybe some people worry if we are replaced by AI, but I do not think 

so. At least so far, I think humans are still way smarter than AI.” 

When asked if the interviewees wished Nokia offered more training on AI topics, the an-

swers were varied. The company offers lots of training material, but the information about 

this material’s existence had not reached many interviewees. Those who acknowledged its 

existence stated that they do not have working time allocated to studying topics that are not 

related to their work. However, many wished they would have more time to study AI-related 

topics. 

Test Architect: "If I take trainings on AI and do not use it in my daily work, I will lose 

whatever knowledge I have gained, and the time has gone to waste." 

To justify and motivate spending time on AI-related trainings, AI should be brought to a 

practical context related to the testing experts’ daily work duties. The interviewees stated 

that they believe the most effective way for learning a new tool or process is hands-on train-

ing. Some thought that a high-level introduction session and documentation is beneficial 

before getting to try the tool hands-on. It was emphasized that having room to experiment 
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with a new tool on their own, make errors, and learn from them is very important in learning. 

Many stated that a new tool should be easy to install, and the instructions should be simple 

enough to lower the barrier to try it out. 

All the interviewees stated that they like to experiment with new tools and ways of working. 

However, many explained that sometimes in R&D when a new tool is introduced, it does 

not make their work easier, at best it stays the same, and sometimes a new tool makes their 

work harder due to increasing amount of data entry and parameters to account for. 

Senior Test Engineer: “In R&D when a new tool is introduced, many times we think 

an old tool was already doing this, why are we doing it again with a different tool?" 

This finding highlights the importance of communicating the benefits of a new introduced 

tool and answering the question “what is in it for me?” the employees will have when hear-

ing about a new tool. 

Roughly half of the interviewees had used AI tools before. The most common tools the in-

terviewees had tried were LLMs ChatGPT and Gemini. Everyone that had used AI tools 

stated that they found them very useful, recognized the importance of prompt engineering 

for desired results, and found there is a learning curve in AI tool usage. Only one interviewee 

had used AI for work purposes, which was using ChatGPT for finding out general infor-

mation about telecommunications-related topics. Some recalled receiving communication 

that they are forbidden to utilize public AI tools for work purposes due to privacy risks of 

leaking internal data. Some wished the organization would offer a tool similar to ChatGPT 

but also trained with internal data. 

Many interviewees did not recognize or associate any risks with the usage of AI tools, indi-

cating that this is a topic that must be heavily emphasized in training. The recognized and 

mentioned risks were the following: 

• Over-reliance: relying too much on AI can diminish troubleshooting skills and in-

crease errors. 

• Security and privacy: users must be very careful not to leak out internal data through 

AI tools. 

• Ethical considerations: it must be defined who is responsible for the output if AI is 

used in a process or a process has been automated with AI. 
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• Inaccurate results: trusting AI too much increases the risk of faults, errors, and secu-

rity issues. A human should always review AI output before using it. 

 

Moving to change management related topics, regarding psychological safety, all the inter-

viewees stated that they feel encouraged to express concerns and differing opinions. It was 

also felt that concerns are addressed properly and taken seriously. For example, there are 

forums where shared concerns are gathered and then addressed in a group discussion with 

relevant stakeholders. The company’s renewed cultural essentials “Open, Fearless, and Em-

powered” (Lundmark 2023) seemed to be well embedded in the culture. 

When probed if the interviewees thought that change is presented in a manner that the rea-

soning and messages are clear, the answers were very varied from yes to no. One opposing 

view is quoted below: 

Senior Test Engineer: “When change is presented, from my point of view it is really 

hard for us to gauge is this going to really affect me or not? Often, I understand it only 

when the change gets implemented. And when I am part of that change, this is where 

I actually get to know how much is this change actually going to impact. And is it 

better than what I had? Or is it worse?" 

Some described that change is presented on too high level, and it is difficult to understand 

the impact on individual tester level. Some acknowledged that at times the reasons are not 

explained due to confidentiality reasons. The interviewees wished for transparent communi-

cation on why something is changing. Many also wished for more clear communication on 

when change is taking place, and if it had the intended impacts after implementation. 

When asked about challenges the interviewees face in their daily work, varying topics were 

brought up. Regarding this thesis, identifying relevant challenges is important to determine 

if AI can help with some of the existing pain points in the testing process. Starting with 

communication, many people described that communication in English sometimes creates a 

language barrier, as none of the teams speak English as their native language. This at times 

results in difficulties on achieving common understanding on topics. 

Some described that they work on many tasks simultaneously, and it is difficult to concen-

trate on doing one thing well at a time. Many interviewees mentioned that supporting activ-

ities such as creating documentation are given a lower priority compared to testing. This has 
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resulted in scenarios where a person performs a new task and immediately is assigned a new 

task instead of having time to properly document the process. This person would then be-

come go-to support person related to activities around this task, and as no documentation 

was available, these support tasks ended up taking a lot of the person’s time. 

The teams in sites 2 and 3 recently joined this type of testing and are in the middle of 

knowledge ramp-up stage. The interviewees stated that they would benefit from a structured 

competence development plan in this area, as learning was largely left for exploring on their 

own. Additionally, the senior experts who could help others ramp up their knowledge were 

very busy. Fortunately, a competence development plan to address this issue is currently in 

development. 

Another topic raised was the difficulty of searching for information; many wished for a tool 

or database including all internal documentation. It was envisioned that this tool could be 

simply asked for internal information, and it would give the answer or point towards relevant 

sources similarly to ChatGPT. Finally, some interviewees emphasized that the department 

should increase the level of automation in the testing, but many people do not have the re-

quired programming skills for developing test automation. The level of test automation, es-

pecially in robustness and regression testing focusing on verifying non-functional require-

ments should be increased. One factor slowing down the automation development is that in 

R&D the product and specifications continue changing, and amid this change, developed 

automation may become obsolete quickly. 

5.3  Role of team managers as facilitators of change 

A total of three team managers were interviewed, each from a different site. The managers 

were experienced professionals, having been with the company for 13 to 20 years. Site 1 was 

spearheading the cloud testing, whereas teams from sites 2 and 3 had joined the efforts in 

the last year. Therefore, most senior experts resided in site 1 and the two other sites were 

still undergoing a knowledge ramp-up period regarding this type of testing. This increased 

the dependence on site 1 team members, which in turn resulted in challenges with time zones 

and senior experts being very busy. The site 2 and 3 teams developed more test automation 

than the site 1 team, and this competence in turn was lacking on site 1, indicating all sites 

benefit from further sharing of their specific knowledge. 
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All team managers were enthusiastic about AI and had studied the topic out of their personal 

curiosity either through company provided trainings or other online resources. All of the 

managers were sure AI will become a part of testing in the department, and perceived it 

would deliver increased efficiency and productivity. 

Team Manager A: “Everyone should understand the importance of AI, how good it is, 

and how they could apply it." 

Team Manager B: “I already as a manager see that there is a huge opportunity in 

using and integrating AI tools. Everyone should have that mindset at least in the long 

run." 

Team Manager C: “After finishing the learning modules, I am confident we need to 

start using AI tools, so we can become familiar with them and see what benefits we 

can get.” 

All managers envisioned AI would replace repetitive, mundane manual tasks and free up 

more of the testing experts’ time for more challenging and interesting work. This has also 

been proven to increase wellbeing, productivity, motivation, and overall job satisfaction 

among employees (Ihekoronye et al. 2021; Nokia 2020). 

Regarding Nokia’s trainings, the team managers acknowledged that these are still on a high 

level, and good for raising awareness. However, their team members would benefit from 

more hands-on training or workshops tailoring AI usage to their daily work duties. To iden-

tify the types of training the team members would benefit from, all managers mentioned they 

ask the team members themselves what they would be interested in, and what sort of training 

they would require in their work. One manager had taken a very proactive approach and 

started introducing their team members to prompt engineering and telecom-specific AI use 

cases. 

Team manager B: “When something is not working as intended, the whole team should 

have it in their subconscious mind that using AI tools — especially search tools — will 

help them a lot in resolving the issue. AI could speed up the troubleshooting process 

by few hours up to few days in certain cases." 

It was envisioned that an effective approach to AI competence development would be to 

train all team members on simple use cases (e.g., information searching) and for more 
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complex technical AI integrations, train specific interested volunteers as experts, who could 

then ramp up others’ knowledge in the area to a necessary level. 

When probed about risks and concerns related to AI integration, the managers described that 

some people may be concerned or suspicious towards AI, stating that people do not want to 

feel that they are controlled or monitored more with the introduction of AI. Other concerns 

were related to privacy and confidentiality regarding data leakage. To minimize privacy and 

security risks, the organization has a thorough screening process for new AI tools. Further-

more, the company has defined an AI Acceptable Use Guide that must be followed and can 

be referred to for guidance. 

When it comes to change management perspectives, the managers were first asked what role 

they play in creating a culture that embraces change and innovation within their teams. This 

yielded a good variety of answers. The first manager described a three-step process follow-

ingly: 1) team members can improve in what they do, 2) they understand the purpose of their 

work, and 3) they have a sufficient degree of autonomy. The manager highlighted that these 

enabling these aspects drives internal motivation, and motivating externally is a difficult 

task. The team members’ perspectives vary from being very proud of being part of the com-

pany to seeing it as a corporation generating value for shareholders. However, the manager 

highlighted that what unites the team members is that they are very passionate about tech-

nology, how it works, and driven by curiosity in R&D work, which is a strong source of 

internal motivation. 

Another manager emphasized that sharing new ideas should become a habit and delved 

deeper into facilitating such practice. They mentioned a process called BIST (Big Impact in 

Short Time), which was related to generating new solutions in fast feedback cycles through 

regular brainstorming sessions and feedback. Also, knowledge sharing with other teams and 

sharing success stories was seen as a source of inspiration. Finally, it was mentioned that 

emphasizing the need to embrace change and continuous learning was important, as it is part 

of the job due to the rapidly changing technological environment. 

Team Manager A: “We have to monitor the external environment. If a situation occurs 

where reality is revolved around different things what we are doing, that is when we 

are not in operation for long anymore." 
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However, human minds are conditioned to resist change, and many yearn for a balance be-

tween stability and change. This is why creating a culture of embracing change is important. 

The managers described that being transparent and understanding in change-related commu-

nication is important to make team members feel comfortable. Furthermore, the business 

unit follows a defined way of working, which brings some stability to how work is generally 

organized. 

As mentioned, all interviewed team members expressed that they feel encouraged to voice 

concerns, indicating a high level of psychological safety. The team managers foster psycho-

logical safety by providing meaningful work, predictability, transparency, and no-blame cul-

ture. Empathy was highlighted by all managers, and they explained it is very important to 

try to understand the employees’ concerns from their point of view and engage in a trans-

parent dialogue with them. It was acknowledged that providing a secure outlook for the team 

and company is also important. 

Regarding initial communication of new change, often this happens from a higher level than 

the team managers. Change is usually announced either from business unit level or depart-

ment head level. The team managers are then provided official communication material on 

the change, and they communicate the impact and put it to their team’s context. They also 

gather feedback on the change from their team members. One manager highlighted that they 

try to minimize the surprise of the change to their team members by left-shifting the required 

competence development and adaptation. This means they try to equip the team as well as 

possible to the change before it happens, for example by minimizing required adaptation and 

learning when there are deadlines upcoming. All the managers held one-on-one discussions 

with their employees where they could gather feedback and address concerns. All also em-

phasized the importance of informal conversations, i.e., coffee chats where they gauge em-

ployees’ feelings towards new changes. Also, regular anonymous surveys are used for gath-

ering feedback. 

In addressing resistance, empathy and transparency were key topics. The managers ex-

plained that they try to enable will of choice and autonomy, and in cases where something 

must be done in a certain way, they try to find a common ground and provide clear justifi-

cations for the change.  

Team Manager C: “Resistance is normal, we are all human beings.” 
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Understanding the other person’s view and explaining things logically often resolved re-

sistance situations. One manager highlighted that leaders must recognize when to flex and 

when not to flex in these situations. If something must be done in a certain way, it must be 

explained as transparently as possible why this is the case. One-on-one chats could also be 

used for encouraging resisting employees to step out of their comfort zone. One manager 

explained they also utilize social proof by inviting trusted senior experts to give workshops 

and communicate the benefits of the change.  

5.4  Summary of the interview findings 

The main findings from the interviews are summarized in Table 5 below. 

Table 5. Summary of the interview findings. 

Interview topic Main findings 

Attitude on AI The testing community shares a positive attitude towards AI. People 

expect AI to make their work more efficient, productive, and interest-

ing through automating repetitive tasks. 

Learning and 

new ways of 

working 

Every interviewee stated they like to experiment with new tools and 

ways of working. However, some are skeptical towards new tools due 

to previous experiences where new tools have not delivered benefits. 

Culture The culture in the department embraces change and innovation well, 

and employees are encouraged to voice any concerns and share new 

ideas. The managers are experienced facilitators of change. 

Risks and  

resistance 

Many interviewees did not associate any risks with AI usage, indicat-

ing this a topic that should be emphasized in training. The most com-

mon identified risks were related to privacy and security in the R&D 

environment. Most likely sources of resistance are skepticism towards 

new tools and inability to allocate enough time for learning new skills. 

 

The attitude towards AI in the department is positive. Every interviewee envisioned AI tools 

will make their work more efficient and productive, and none feared AI would replace their 

jobs in the near future. Furthermore, all acknowledged that AI is going to become a part of 

their job in some way or form, many waiting for it enthusiastically. Every interviewee stated 
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that they like to experiment with new tools and ways of working, but also shared that some-

times new tools in R&D do not make their work better, just the same or sometimes even 

worse. Therefore, when introducing a new AI tool, the communication should emphasize the 

benefits, especially to the employees themselves. Many interviewees also emphasized they 

would like to have more concrete hands-on workshop type training showing how new tools 

can be applied in scenarios they face in their daily work.  

The department’s culture embraces change and encourages innovation. The team managers 

are very enthusiastic about the possibilities AI can bring and are well equipped to facilitate 

the adoption of new AI solutions. The team managers have lots of experience with facilitat-

ing change, addressing resistance, and promoting innovation in their teams. The methods the 

managers use for communicating change, addressing resistance, and promoting psychologi-

cal safety align very well with positively influencing factors described in literature. 

The most common identified risks in AI adoption were related to privacy and security. How-

ever, the organization has a centralized screening process in place to ensure that all approved 

AI tools are compliant with the terms of use to minimize such risks. Only few interviewees 

recognized risks such as over-reliance, biased or inaccurate outputs, and ethical considera-

tions such as clearly defined responsibilities, indicating these topics need further awareness. 

There are also some potential sources of resistance from the testing community. The first 

one is not having enough time to learn a new tool or method; if the employees are fully 

booked when performing regular tasks, their interest in spending additional time for experi-

menting with a new tool or way of working is likely low. This emphasizes that the barrier to 

try out a new tool should be low, e.g., the documentation is light and installation process is 

quick and straightforward. Secondly, many are skeptical towards new tools due to previous 

experiences where new tools have not delivered any benefits to them. This highlights the 

importance of sufficient training, communicating the benefits, and reserving time for trying 

out the introduced AI solution in daily work tasks. 
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6  AI solutions and use cases 

This chapter focuses on selecting the AI solution that will be implemented. First, general 

criteria for AI solution applicability are discussed. Then, all the identified use cases in the 

department’s testing are introduced. Finally, the process of selecting the AI solution is de-

scribed, and the use cases this specific solution enables are presented. 

6.1  AI solution suitability criteria 

First and foremost, the selected AI solution must be capable of addressing potential use cases 

and delivering benefits in the R&D department’s testing. Additionally, it must be fitting to 

the organization’s needs in security, IPR concerns, employee competence, and technical fea-

sibility. When it comes to legal, IPR, and security considerations, based on the organization’s 

Acceptable AI Use Guide, the following questions should be addressed: 

• Where and how much of our inputs will be stored by the AI tool provider, and for 

how long? 

• Who will have access to inputs provided to the AI tool, and with what level of con-

fidentiality protection?  

• Will this data be automatically abstracted, so it can no longer be attributed to our 

organization?  

• How will people at the AI tool provider interact with this data?  

• Is data processed in a manner that a data breach would not reveal it? 

• Does the AI tool collect metadata? How is that metadata defined and what does it 

include?  

• Will our information be used outside our own use case, e.g., to improve the algo-

rithms? 

• Do we own the output by the AI tool? Can we legally protect novel output where the 

AI tool has been involved? 

• Is the AI tool provider willing to assist us in legal disputes related to the tool? 

• If the AI tool processes personal data, do the terms and conditions satisfy legal re-

quirements in all regions where it is used? 
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In addition to these views, ethical topics must also be considered. This includes risks of 

unethical or misuse of the tool, designated responsibility in AI-aided decision-making, trans-

parency on how the AI tool has been trained, affected stakeholders, and possible harm the 

tool can cause. The organization defines that if an AI tool has been trained on unlicensed or 

improperly processed data, does not recognize and avoid illegal and immoral activities, or it 

could cause significant harm to people, the tool does not satisfy the ethical standards. This 

highlights the need for a thorough review when implementing new AI tools into use. 

Fortunately, the organization has a centralized formal screening process for all AI tools. The 

author reviewed the whitelisted AI tools, and the first criteria was to determine if they are 

applicable to the testing work at the R&D department. This was done by comparing the 

functionality of the AI tool and the defined use cases from the interviews. The applicable AI 

tools were further filtered with two must-have criteria: 1) they can be accessed in the span 

of six months, and 2) they are not in early development-phase (i.e., they are mature enough 

to deliver benefits and function without major bugs and issues). This filtering left two fitting 

AI tool options that could be applied at the R&D department. These tools are an LLM trained 

with public data, and an LLM-based coding assistant fine-tuned specifically for coding tasks 

and trained on a public codebase. Due to confidentiality reasons, these tools cannot be named 

in this thesis. 

6.2  Use cases 

Based on the discussions in the interviews, 18 use cases for AI were identified in the R&D 

department’s testing process. The use cases were derived from interviewee answers to the 

following two questions: 

• Does your daily work involve any manual tasks that could be automated? 

• Based on your experience, do you have any ideas or wishes where AI could aid in 

our testing? 

 

The identified use cases are summarized in Figure 13. These can be split into four distinct 

categories which are optimization, troubleshooting, information collection, and content gen-

eration. The most use cases were identified in the optimization category, and these were 

mainly related to evaluating and identifying correlations from large amounts of test data for 
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data-driven decision-making. Troubleshooting consists of analyzing e.g., logs or failed test 

cases to identify root causes and problem areas for issues and gathering relevant information 

for creating fault reports. Additionally, code-explanation can help with troubleshooting. In-

formation collection involves searching for documentation, summarizing important infor-

mation from long documents, and identifying dependencies between different documents. 

Finally, the last category revolves around generative AI, especially LLMs and coding assis-

tants. It involves use cases such as creating documentation for code, auto-completing and 

suggesting code when developing test automation, creating test cases and test plans, and 

creating test cases in code format from detailed testing instructions. All the identified use 

cases are described in more detail in Appendix 3. 

As there are many use cases, prioritization must be done to select a defined focus area for 

implementation. Circling back to research on change management, Bucy et al. (2017) found 

that most value was captured from pursuing smaller initiatives requiring fewer layers of ap-

proval and less coordination. Therefore, it makes sense to introduce AI first through the most 

feasible path of least resistance with few required approvals and little bureaucracy. Support-

ing these findings, the case company has learned that larger ambitious AI initiatives often 

fail to achieve their objectives. Usually, these are staffed with volunteer employees alongside 

their other duties, resulting in insufficient resources to complete the ambitious project. Pur-

suing quick wins through smaller initiatives can demonstrate the effectiveness of AI, in-

crease employee awareness, and familiarize employees in working with AI tools. Further-

more, demonstrating previous successful projects increases the likelihood of leadership sup-

port, approval, and allocated budget for larger AI initiatives later. 

As mentioned, the organization has two applicable AI tools that could be taken into use at 

the R&D department. The next step was to identify all use cases that these tools could ad-

dress. In Figure 13 (A) means the use case is enabled by tool A (LLM), (B) means by tool 

B (coding assistant), and a red cross means that the use case cannot be addressed with the 

two available tools. 
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Figure 13. Identified use cases for AI based on the interviews.  

 

This reveals that tool A enables nine use cases and tool B seven use cases. For some use 

cases, both tools can be applied. Next it was time to decide which tool to implement. 

6.3  Selecting the AI solution for implementation 

The implemented use cases are determined by the selected AI tool. The key characteristics 

of the two tools are compared in Table 6 below. 
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Table 6. Comparison of available AI tools. 

Characteristic Tool A (LLM) Tool B (Coding assistant) 

Availability 4-8 weeks after submitting a 

business case 

From June 2024 onwards 

Scalability Currently none Acquire more licenses 

Use cases Nine use cases, but only one can 

be trialed at a time as PoC 

Seven use cases 

Ease of use Very intuitive Intuitive 

Leadership 

support 

Currently none  Business unit level senior leader-

ship support 

Previous trial 

experiences 

Highly varying Generally positive with scores in-

creasing over time 

Model training 

options 

Availability of company specific 

trained model unknown 

Existing option to train with com-

pany specific data 

Technical limi-

tations 

4096 token limit, approx. 3000 

words 

2048 token limit, approx. 150-200 

LoC or 1500 words 

 

The comparison reveals many interesting aspects. The most critical being the availability; 

tool A requires submitting a business case which addresses only one specific use case for an 

approval to a PoC trial. On the other hand, during the writing of this thesis, senior manage-

ment decided that tool B will be rolled out in the department’s Business Unit (BU) in April 

2024. The tool is deployed in two phases and becomes available to software developers in 

April 2024 and to testing teams in June 2024. The R&D department will get access to the 

tool in June 2024. As tool B will be rolled out either way, the R&D department requires a 

change management plan for effectively implementing the tool into its own context. 

Due to the nature of accessing tool A, it only enables one use case per approved business 

case, whereas tool B enables seven use cases at once. However, some use cases enabled by 

tool A could provide a significant business impact. For example, it could aid test engineers 

with writing test plans and testing strategy documents and summarize information from long 

documents saving significant amounts of time. Use cases enabled by tool A are also more 

varied due to it being a general purpose LLM not limited to coding context like tool B. 
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When it comes to scalability, tool B can be scaled by acquiring more licenses, whereas tool 

A is still in trialing phase and cannot be scaled outside of PoC trials yet. The usage of tool 

A is more intuitive than tool B, but both are easy to take into use and comprehend. Tool A 

is accessed through a browser chat window, and tool B is installed as a plugin to an Inte-

grated Development Environment (IDE). Tool B can auto-complete code, generate sugges-

tions, and includes a chat window in the IDE for asking questions to interact with the LLM. 

As tool B has been decided to be rolled out on BU level, there is already existing senior 

leadership support. This means there is already a budget allocated for licenses at the R&D 

department. The BU will also provide communications material, awareness sessions, and 

some general-purpose trainings on the tool. The company has trialed both tools for over a 

year, and tool A trials have provided highly varying results from very bad to very high effi-

ciency increases, largely depending on the use case. Tool A has provided very positive re-

sults in ideation and planning type of work, whereas it has been more ineffective in trouble-

shooting and automation-related tasks. 

Tool B has been trialed with hundreds of participants through two trials and has generally 

gathered positive results from the trial participants. The more the participants used the tool, 

the more useful they found it, indicating that there is a learning curve for becoming efficient 

in its usage. The author reached out to two trial participants in an adjacent R&D department 

performing similar testing and asked about their experiences with the tool. The participants 

perceived benefits such as higher productivity and efficiency, faster troubleshooting, and 

enhanced learning. Productivity gains have been achieved through code auto-completion, 

suggestions, and generating templates saving the testers’ time.  

Tool B’s chat function can be used for asking what a specific piece of code does, which 

enables better learning and faster troubleshooting as the tool can explain code functionality 

in natural language. The trial participants also highlighted they saved time by asking coding-

related questions through the chat instead of searching for an answer through traditional 

search engines. However, they noted the tool performs well in general-level problem solv-

ing, but with complex topics deep in the company’s IPR, it is not very useful. This is due to 

the training data being from public repositories. In addition to discussing these findings with 

two of the trial participants, they are based on gathered survey data from previous trials in 

the organization. 
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When it comes to customization, the availability of tool A trained with company specific 

data is unknown. The usefulness of tool A would increase exponentially if it was trained 

with company specific data, and it would deliver huge benefits especially in the information 

searching use cases. Tool B already has an option to train it with company specific data built 

in by the tool provider. This means the company can give its own source code as context for 

the tool, which would make it also more useful in topics deep in the IPR, especially in R&D 

work. Regarding technical limitations, tool A handles roughly 3000 words of context in a 

query at once. Tool B as a coding assistant can handle approximately 150-200 Lines of Code 

(LoC) or 1500 words in one query. 

Regarding managing the change the tools would bring to the testing process, tool B is rather 

manageable due to its nature of being limited for a specific purpose. Communicating its 

purpose, benefits, and defining the target users is quite straightforward because the use cases 

are focused specifically on coding-related tasks. Based on the interviews, tool A as a general 

purpose LLM would be familiar to many testing experts, but enabling it for a single use case 

in the form of PoC would result in very limited impact. When it comes to creating a depart-

ment-level change management plan, it is more warranted for conducting a department-wide 

implementation of tool B. Conducting a smaller scale PoC trial on tool A with e.g., 5-10 

participants does not necessarily require a detailed change management plan. Tailoring the 

plan to tool A with the assumption that it will be later implemented on a larger scale involves 

significant risk, as the timeline for its availability outside of the trial stage is unknown. 

This information and comparisons were presented to the leadership team of the R&D depart-

ment for discussion and making the final decision on which tool should be implemented. 

Consequently, the change management plan will be tailored to the selected AI tool. The 

author recommended creating a change management plan for implementing tool B for the 

following reasons: 

• Tool B is more likely to succeed in implementation due to leadership support and 

certain availability. 

• Tool B enables seven use cases at once whereas tool A would only enable one. 

• Tool B has been deemed more consistently effective from previous trials in the com-

pany. 

• Tool B is more mature in terms of support and customization options. 
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The leadership team agreed that it makes sense to focus the change management plan on 

implementing tool B. The emphasized aspects in making the decision were having BU sup-

port for the tool, and the current high demand for building more test automation, which the 

tool can help in. The author also highlighted that most of the change management plan can 

be utilized for introducing any AI solution, but parts of it must be tailored to a specific tool. 

For example, the expected benefits, affected stakeholders, and required trainings are tool 

specific. The discussion acknowledged that use cases enabled by tool A also show a lot of 

potential. Therefore, it was agreed that the author will also build a business case for request-

ing a trial on tool A. This work was done outside of this thesis scope, as the rest of this thesis 

focuses on creating a change management plan for implementing tool B. 

Due to the nature of tool B as a coding assistant, it is beneficial to testing experts working in 

IDEs which means it is utilized mainly for writing and editing automated test cases, scripts, 

and other automation file templates. For clarity, the use cases enabled by tool B are described 

in Table 7 below. 

Table 7. Use cases enabled by the selected AI tool. 

AI use case Description 

Test case design 

improvement 

The tool can suggest good design patterns and code structures for 

test cases. This is especially helpful for testers who are not familiar 

with creating test automation. 

Code explanation For troubleshooting, the tool can explain what a piece of code does 

in natural language, helping the user understand why something 

might not be working in an intended manner. 

Information 

searching 

The trial participants described that the tool’s chat function acts as 

an efficient search engine for coding-related questions, often giv-

ing a useful answer faster than traditional search engines. 

Information  

summarization 

The tool can summarize what a test case does in natural language 

to the user, enabling faster understanding and learning. 

Documentation  

creation 

The tool can write documentation for given code. 

Code suggestion & 

auto-completion 

The tool can auto-complete code lines when writing automated 

test cases. The trial participants highlighted this can save a lot of 

time especially when writing Robot Framework tests where code 

lines require many input arguments and parameters. It can also 

support with Command Line Interface (CLI) commands and in de-

veloping automation files such as YAML and dockerfiles. 

Test code genera-

tion from test cases 

The tool can generate test cases in code format from natural lan-

guage descriptions of the desired functionality. 
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7  Change management plan 

Firstly, this chapter explains the scope for implementing the chosen AI tool. Then a change 

management plan is created by utilizing the ADKAR model, where each corresponding ele-

ment of the model (Awareness, Desire, Knowledge, Ability, and Reinforcement) are ad-

dressed by defining actions for fostering these elements at the R&D department. 

7.1  Scope of AI implementation 

The chosen tool for implementation is an LLM-based AI coding assistant which is accessed 

through an IDE. The tool will be taken into use on all three sites where the department op-

erates. In addition to the R&D department’s efforts, the BU provides general-purpose train-

ings on e.g., acceptable AI use, installation of the tool, and shared user stories from previous 

trial participants.  

The purpose of this change management plan is to set the AI tool into the context of the 

R&D department. This includes defining actions for providing awareness of the tool’s exist-

ence and benefits, creating desire to use the tool, providing department-specific training on 

required areas and use cases, ensuring the tool delivers benefits in the testing work, and 

finally securing that its usage will become the new normal, i.e., reinforcing the change. The 

defined change management plan is presented on a sufficient level for the purposes of this 

thesis, and a more detailed plan is shared internally with the case company to protect confi-

dentiality. The plan was developed in collaboration with transformation managers and team 

managers at the R&D department, as they act as key facilitators of change in the department. 

The expected benefits from introducing the chosen AI tool are lower barrier to entry for 

creating test automation, faster automation knowledge ramp-up, quicker troubleshooting, 

increased efficiency and productivity, higher code quality, enhanced learning, and better job 

satisfaction through automating repetitive tasks. Furthermore, the AI tool helps in closing 

the identified test automation knowledge gap at the R&D department. 
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7.2  Awareness 

Lack of awareness is one of the primary sources of employee resistance to change (Hiatt 

2006, pp. 6-7). During the writing of this thesis and from discussions with stakeholders in 

the case organization, it has become evident that holding one presentation and sending a 

department-wide email is not adequate for raising sufficient awareness. In a very highly re-

garded psychology publication, Ebbinghaus (1885) found that it takes at least four to five 

repetitions for a person to remember a piece of information well. Utilizing multiple commu-

nication channels and repetitions is essential to ensure that the information reaches as many 

people as possible and is also retained over time. 

The suggested channels to convey information are the following: 

• Monthly all-hands sessions for the department 

• Team meetings 

• Formal awareness sessions organized on Microsoft Teams 

• Email 

• Company intranet publications 

• Informal coffee chats at the office 

 

These channels are familiar to employees and widely used. According to the interviews, the 

testing community shares similar attitudes towards AI, and therefore tailoring general com-

munications is not required. However, the selected users will receive additional communi-

cation and training that is not relevant to the entire department. The team managers should 

also be briefed for the reasoning of the change and be prepared to answer follow-up questions 

from their team members. The author has been in discussions with the leadership team of 

the department, including the team managers, to provide them with additional knowledge 

regarding this change initiative. 

Starting with the monthly all-hands sessions, this is a meeting where everyone in the depart-

ment is invited, and it is hosted by the department head. Often this time is utilized to also 

invite experts from other departments to share knowledge and awareness on topics of im-

portance and interest. The author suggests reserving at least 5-15 minutes in every all-hands 
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session for delivering an update on the progress and plans for AI adoption in the department. 

First, the content should focus on plans, impacts, and potential benefits answering the “what 

is in it for me?” question from individual people. As the implementation progresses, social 

proof would be effective to invite a trusted expert to share their experiences and perceived 

benefits. This can be a member of this department or an expert from adjacent testing depart-

ments.  

As this all-hands session is hosted by the department head, they could simultaneously act as 

a trusted sponsor for the change initiative. Giving a monthly update ensures that the sponsor 

remains visible and connected throughout the lifecycle of the change, which was highlighted 

as an important success factor in literature. Hiatt (2006, pp. 65-59) emphasizes that employ-

ees generally trust the person in charge (the department head), as they are perceived to have 

the deepest understanding of the business on a larger scale. 

In the initial awareness communication, it is essential to answer some critical questions, 

which are presented in Table 8 below. 
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Table 8. Critical questions to answer when communicating change. 

Question Answer 

How does the change 

align with the organiza-

tion’s overall vision? 

The organization has set as one of its strategic pillars to adopt 

AI into use, and this change is manifestation of implementing 

the defined strategy. 

Why is this change  

necessary and must be 

done now? 

Ramping up our test automation competence has been identi-

fied as a critical development area. This AI tool will support 

us in this effort by helping with learning test automation work 

and enhancing our productivity in that area. 

What if we do not 

change? 

AI will help us be more productive and efficient, ensuring we 

meet customer needs and the organization’s objectives better. 

Our competitors are adopting these cutting-edge productivity 

enhancing technologies and so must we to stay competitive. 

What is the timeline for 

this change? 

Users from our department will gain access in June 2024. 

Who are impacted and 

how? 

The use of the tool is completely voluntary. It is used as a 

helping tool for writing test automation, scripts, and editing 

automation files when working in an IDE. Additionally, the 

tool’s chat-function can aid with troubleshooting. 

What is in it for me? The tool can automate parts of test automation work, answer 

your coding-related questions, and generate suggestions and 

templates to save time. The suggestion and code auto-com-

pletion feature enable automating repetitive coding tasks. 

 

Team managers can also facilitate this change by highlighting answers to these defined ques-

tions in team meetings they arrange with their team members, ensuring that the message 

reaches as many people as possible and is repeated sufficiently. The team meetings also give 

opportunities for team members to ask questions. To effectively coach their team members, 

the team managers must first build their own awareness of the need for the change, and build 

accurate messages related to the change initiative. During the development of this change 

management plan, the author has been in discussions with the team managers to provide 

additional knowledge and gather their thoughts and expertise on the suggested actions. 
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The BU has also held formal awareness sessions virtually on Microsoft Teams, describing 

the benefits of the tool and reasoning for its implementation. These sessions have included 

AI experts and senior leaders communicating the change and its implications. This material 

has been recorded and should be shared with the department, as many have likely missed 

these sessions. 

In addition to meetings, email has been used as an effective communication channel in the 

organization. Especially busier employees tend to read email more carefully than attend 

meetings, so an email from a trusted sender could increase their awareness on the topic. 

Therefore, team managers, transformation managers, and the department head can empha-

size the topic through email if necessary. The company intranet page can also be utilized for 

communicating the change, again highlighting the essential questions that should be an-

swered, and potential benefits of the change. 

Finally, as mentioned, change facilitators must talk to people, ask them how they feel about 

the change, and be approachable. The role of informal coffee chats for this type of commu-

nication cannot be underestimated, as this is where many people voice their concerns and 

honest opinions. An informal setting lowers the barrier to discuss problems and challenges 

among colleagues. Therefore, transformation managers and team managers should regularly 

discuss the new AI tool at the office and ask employees how they are feeling about it. 

7.3  Desire 

As mentioned in literature, desire is largely influenced by an individual’s internal motiva-

tion, which is very difficult to impact. One manager revealed a very important insight in the 

interviews; they found that even though attitudes towards the company and work are varying, 

there is one common thing that unites the team members. This is curiosity towards new 

technologies in R&D work. Supporting this finding, all 15 interviewees stated they like to 

try out new tools and ways of working. This can be a strong positive internal motivator in 

the testing experts’ desire to take the new AI tool into use. 

There are also some external factors that can influence desire. The first one is awareness — 

employees must understand why the change is necessary. In addition to understanding why 

the change is taking place, understanding how individuals either directly or indirectly benefit 
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from the change will influence their desire to participate in the change process. Employees 

actively support change that they perceive as beneficial (Myers 2011). 

Therefore, the initiative sponsor should be engaged to communicate and emphasize the rea-

soning for the change and the potential benefits, and answer employee’s questions through-

out the change process. Supporting this, Prosci (n.d.) states: “Employees watch their leaders 

closely. If leadership actively and visibly supports the change, employees will determine that 

the change is still important.” However, the perceived trust to the leaders also impacts how 

closely employees follow their judgement. Additionally, involving employees by giving 

them room to ask questions and voice their opinions and possible concerns is also important 

in creating desire. In this case, providing opportunities to give feedback on the tool is also 

an effective way of involving the employees. Hence, managers should query for feedback 

on the tool and address questions in team meetings and one-on-one sessions with their team 

members. 

Social proof should also be utilized, in this case meaning that a colleague who has been using 

the tool explains the benefits they have seen in their work from adopting the tool. The de-

partment should invite a trusted expert who has been working with the tool to share their 

experiences in e.g., an all-hands session. 

Regarding individual motivations to participate in the change; this is an opportunity to in-

volve ambitious individuals from the department by giving them more responsibility and 

visibility in the organization. The author suggests identifying volunteers e.g., one per site, as 

key users for the new AI tool. These people would become experts and host knowledge-

sharing presentations on utilizing the tool to their peers. The key users would have the fol-

lowing responsibilities: 

• Provide coaching and training on tool usage to end users. 

• Support and troubleshoot tool-related problems. 

• Collect feedback on tool usage from end users and share it with relevant stakeholders. 

• Participate in creation and maintenance of tool documentation and training material. 

• Actively follow internal and external discussion and developments on the tool. 
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Another factor influencing desire is the organizational track record of previous change initi-

atives, and each person’s view here is unique. The interviewees were asked about their ex-

periences with change, and the answers were all unique and no clear pattern could be iden-

tified, which is also how literature describes the topic. The perceived issues with change 

were too vague description of the impacts and unclear timeline for new changes. Therefore, 

especially these topics should be described with as much transparency and openness as pos-

sible. Transparent and open communication was identified as one of the key factors contrib-

uting to positive attitudes towards change. 

Finally, resistance management plays a key role in this stage of the change initiative. To 

mitigate the fear of layoffs as a part of the change, it must be emphasized that the introduc-

tion of this AI tool is not replacing anyone’s job, but instead it is something that helps people 

do their jobs more efficiently. Based on the interviews, the fear of being replaced by AI is 

very low, but the topic should be emphasized nonetheless, as there might be some individuals 

with this concern. Employees might also perceive they will require skills they currently lack, 

and it is important to explain to everyone that they will be given sufficient training to develop 

the new skills. Furthermore, the tool will first be introduced through limited participants, 

mitigating the impact especially for resistant employees. Nobody is forced to use the tool in 

their work, thus reducing the potential fear of being seen as incompetent. 

Literature highlighted that individuals satisfied with the current state may oppose the change 

as they might perceive it would make their current situation worse. To combat this, it is 

important to emphasize that using the tool is completely voluntary. Employees will not be 

required to do more with the addition of the tool, but instead will be explained that the tool 

should make their jobs easier. In this stage, team managers should gauge employees’ reac-

tions to the change and understand the potential sources of resistance. Based on the inter-

views, the managers are experienced and well equipped to handle resistance situations. The 

managers described empathy, transparency, and open dialogue as effective methods for en-

couraging resistant employees. 

7.4  Knowledge 

Before providing training for employees, it should be ensured that there is desire to partici-

pate in the training and learn new skills associated with the AI tool. Prosci (n.d.) states “If 
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employees are not ready to learn or are only participating in training because their people 

manager require attendance, they will not connect with and retain the learning.” For some 

testing experts, operating an IDE is a new skill, and for others prompt engineering and rec-

ognizing risks with AI tools are new topics. For reference, two thirds of the interviewed test 

engineers were using IDEs in their work. 

Fortunately, the BU has provided some general level training alongside the deployment of 

the chosen tool. This training includes AI ethics and compliance, introduction to the tool and 

rules for using it, tool installation and basic features in the IDE environment, and highlighted 

user stories from employees involved in the previous trials. In addition to these, dedicated 

training must be tailored to the R&D department’s testing in the form of e.g., use case ex-

amples and recognized best practices in testing context. This training should be provided by 

the key users. 

As previously mentioned, four elements influence the success of fostering new knowledge: 

1) current degree of knowledge, 2) capability to learn, 3) educational and training resources 

available, and 4) existence of required knowledge (Hiatt 2006, pp. 28-29). Regarding current 

knowledge, some testers are very familiar with operating IDEs and writing test automation 

code, and others have not acquired these skills yet. It must be recognized that individuals 

with a bigger knowledge gap require more time and effort to develop the required skills. 

Furthermore, all individuals have differences in their capability to learn new skills, and there-

fore some might require more coaching. Regarding resources available for training, this re-

fers to items such as availability of subject matter experts, instructors, materials, and equip-

ment. These are on a very good level in the case organization, as the BU is supporting with 

training employees on the new tool. Additionally, peer learning will play a major role in 

upskilling the testing experts in the department. 

When it comes to adult learning, people want to understand why the taught topics are rele-

vant and important to them. Therefore, each learning event should be started with a recap on 

why the change is taking place. (Prosci n.d.) As identified in literature and the interviews, 

the highest knowledge retention happens from hands-on application of learning to real prob-

lems employees face in their work. Therefore, training should include the knowledge transfer 

section, and practical examples and exercises to apply the new knowledge. Regarding the 

training timing, if it happens too far from the deployment of the tool it may result in unused 

or lost knowledge (Hiatt 2006, p. 107). Therefore, users should complete the general BU 
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provided trainings as close as possible to the deployment of the tool, and department-specific 

training can be provided a few weeks after the deployment, when the tool is already more 

familiar to people. To keep momentum on the change initiative, the department-provided 

training sessions should be hosted in the span of 1-2 months after the deployment. 

Hiatt (2006, p. 108) explains that some employees will also require customized education in 

the form of one-on-one coaching. Due to the nature of this change and the learning process, 

peers can act as coaches to other employees regarding the tool usage. Learning from peers 

is very powerful as employees relate and understand the challenges of their colleagues (Hiatt 

2006, pp. 109-110). As suggested, the department should name key users among test engi-

neers from different teams, whose responsibility is to provide coaching on the tool, keep up 

with its development, identify best practices and use cases, and share this knowledge among 

their peers. The key user list should be publicized, and they can act as central contacts for 

help with the tool. The test engineers themselves know how the tool can be applied most 

effectively in the work they are performing, and therefore peer learning is very effective. 

In addition to holding knowledge sharing sessions addressing these topics, the author sug-

gests establishing a user forum for the tool. This should be either on department level, or 

among departments who perform similar types of testing to keep the discussion relevant. 

The organization is utilizing a Local Concept Owner (LCO) role, and has named these people 

on Development Unit (DU) level, which consists of multiple departments but is smaller than 

the BU. The LCO has the following responsibilities in the deployment: 

• Establish local key user network and provide training to key users. 

• Harmonize way of tool usage in own DU. 

• Communicate relevant developments in tool usage to end users. 

• Manage tool access rights and licenses. 

• Lead the tool community in own DU. 

• Participate in BU level tool forums and discussions. 

 

The LCO forms a community for the tool in their own DU, and this acts as a local user 

forum. The author suggests the key users and transformation managers working on the im-

plementation attend this forum. 
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To summarize, there are four different organizational levels involved in providing and shar-

ing knowledge on the new AI tool. These are the business unit, development unit, depart-

ment, and individual team. These entities and their main roles in the knowledge stage of the 

ADKAR model are described in Figure 14. The scope of this change management plan is 

limited to levels three and four, i.e., to the perspective of the R&D department and the indi-

vidual teams forming the department. 

 

Figure 14. Roles of different organizational levels in providing knowledge and training. 

 

When it comes to the provided trainings, these should address a variety of topics, including 

those that are already familiar to some testing experts. It must be acknowledged that people 

have different levels of knowledge and not everyone operates on the same level. Figure 15 

summarizes the planned training topics. The content of these training sessions is described 

in further detail in Appendix 4. 
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Figure 15. Planned training modules with the AI tool introduction.  

 

All the general trainings are provided by the BU. These address topics such as ethical and 

secure use of the AI tool, installation of the tool and its core functionality with simple exam-

ples in the IDE environment, and highlighted user stories of how the tool has been used at 

the company. Completing general trainings is mandatory to ensure all users understand the 

rules and risks regarding the tool’s usage. The additional trainings are suggestions to ramp 

up the test automation and AI competence specifically in the R&D department. Starting off 

with prompt engineering, this is an existing brief online training provided by the BU. Many 

testing experts would benefit from taking it to operate more effectively with the AI tool’s 

chat function. Secondly, as mentioned, not all testers are familiar with writing test automa-

tion, and specific training should be held by testing experts on the basics of creating test 

automation in the department. 

The final two additional trainings would be arranged by the key users in the department. 

These should focus on presenting use cases specific to the R&D department’s testing for the 

AI tool. They should include time for questions from the testing experts and provide hands-

on exercises where the attendees can try out the tool themselves after the training. 
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7.5  Ability 

Ability refers to applying and demonstrating the gained knowledge in real work situations. 

The first steps towards ability comes from hands-on exercises and practical examples during 

the knowledge acquisition phase. It is critical to recognize that there is a distinction between 

knowing how to do something and being capable of doing it. This is the gap between 

knowledge and ability, and fostering ability takes time and repetitions. Developing new abil-

ities is an individual process, and some will naturally adopt the new way of working as others 

may struggle with it. (Hiatt 2006, p. 113) 

People managers play a key role in creating a positive environment for fostering ability de-

velopment. Managers should establish a supportive and encouraging environment for em-

ployees to develop new skills. This includes fostering a no-blame culture for making mis-

takes and providing feedback and direction. Hiatt (2006, p. 114) describes this followingly: 

“This process begins with supervisors making their employees aware that implementing 

change takes time and practice, and that mistakes or missteps are part of the learning pro-

cess.” Based on the interviews, the R&D department already displays a culture encouraging 

learning and experimentation. Employees should also know who they can contact when they 

need help with the tool. As mentioned, it is suggested the key users would act as central 

points of contact for inquiries on the tool’s functionality. 

During ability building, employees may face challenges and become resistant to adopting 

the tool. For example, some people might have too little time to practice with the tool and 

some might express self-doubt about learning new skills. In this stage, it is essential to collect 

feedback and thoughts from employees and address potential sources of resistance on an 

individual basis. Team managers should especially understand those who do not want to use 

the tool. There should also be formal feedback channel for employees to alert with issues 

regarding the new tool. In the case organization, this is the Local Concept Owner. 

People tend to gravitate towards familiar habits, and acquiring new skills and breaking old 

habits requires establishing new neural pathways in the brain (Chen et al. 2020). In this con-

text, some testing experts are used to developing code and editing files in IDEs, and applying 

the new tool comes naturally to them as an extension to their existing way of working. Most 

initial users will be selected among those who are already using IDEs. Others should develop 

a new routine of using IDEs to gain the benefits of the new tool. Fortunately, the tool can be 
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integrated to many different IDEs, so the users have options to pick one that suits their pref-

erences. When it comes to learning working with IDEs, there are easy-to-approach docu-

mentation and tutorials available for beginners. Additionally, peer-learning and support is 

effective. The main driver for desire to start using an IDE is the benefits the AI tool offers. 

Finally, performance measurement is important to understand if the change is being imple-

mented as intended. At this stage, when employees are using the tool in their daily work, a 

biweekly survey should be sent to all involved employees in the department who have an 

active license with the tool. This survey also acts as a part of reinforcement, and the structure 

of the survey is described in Appendix 5. The purpose of this survey is to determine how 

many employees are actively using the tool, what sort of benefits they are seeing from it, 

and if they have any comments or questions regarding it. Based on this survey data, the 

change initiative’s progress can be monitored and quantified in the department. For example, 

if only half of the employees with an active license are using the tool, there likely is signifi-

cant resistance which must be identified. The employees could for example be missing other 

ADKAR elements such as desire to use the tool. The established goals are described in more 

detail in the next chapter addressing reinforcement of the change. 

7.6  Reinforcement 

Change must be actively sustained for it to deliver the expected results over time (Hiatt 2006, 

p. 126). Reinforcement, as the final element of the ADKAR model, refers to sustaining 

change over time. It includes topics such as rewarding and celebration, recognition, and 

measurement of progress. Effective reinforcement prevents individuals from reverting back 

to old ways of working, builds momentum during the transition phase to set the new way of 

working as the new normal, and creates a history of successful and sustained change to in-

crease agility for future change, i.e. scaling by introducing new AI solutions. Although rein-

forcement is the final element of the model, it should be present already before the change 

has fully been implemented. For example, at the beginning of the change when there are still 

challenges to face, finding opportunities to celebrate small successes can be very effective 

in generating momentum with the change initiative (Hiatt p. 122).  

When an individual makes progress toward the change, recognition can show that the pro-

gress is important and meaningful, directly strengthening their desire to continue. 



86 

 

Reinforcement is most effective when the recipient finds the rewards or recognition mean-

ingful, and this varies on an individual level. Literature identified that recognition from di-

rect supervisor is perceived as meaningful by most employees. Directly thanking the con-

tributing employees in e.g., one-on-one discussions with people managers is a meaningful 

way to express appreciation. The manager should acknowledge the change, the effort it took, 

and the results they are seeing. However, it is important to remember that recognition should 

only be given when there has been real progress and achievements, otherwise it will diminish 

the value of recognition in the future. 

Negative consequences act as a very strong reinforcement measure in the wrong direction 

(Hiatt 2006, p. 39). For example, if the individual fears they can make mistakes with the new 

AI tool, e.g., leak company IPR, they might be hesitant in using it. The case organization has 

taken measures to make the tool safe to use for the end user, minimizing such risks. This is 

described in detail to the employees in the general trainings. 

Accountability is of the most effective types of reinforcement (Hiatt 2006, p. 39). Without 

monitoring of progress, employees may revert to old behaviors. Therefore, sharing the re-

sults from the reinforcement survey is an effective accountability system which provides 

transparency to employees on the achieved impacts of the change initiative. The reinforce-

ment survey also acts as a channel for employees to articulate their progress, provide feed-

back, and identify their pain points with adopting the tool. The survey results should be 

presented in an all-hands session to reach department-wide audience when describing the 

progress and achieved benefits of the change. If progress has been made, this is also an 

opportunity to provide public recognition and appreciation from leadership. Furthermore, 

this enables the department head to remain visible and supportive of the change as the spon-

sor for this initiative. As discussed, this communicates to the employees that the change is 

still important, directly affecting their desire to participate. 

Another method of recognition is group celebrations. This is an established practice in the 

organization, where teams gather to celebrate together after a milestone or achievement, of-

ten coupled with the all-hands meeting as many people are gathered in person for it. This 

method should be continued and associated with the AI tool’s deployment achievements. A 

celebration should be held later in the implementation stage when positive results have been 

achieved and many people have adopted the tool. 
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To further drive accountability, the author suggests establishing a department-level steering 

committee for overseeing this change initiative. The committee would include at least the 

team managers, responsible transformation manager, and the key users from the department. 

The steering committee could hold e.g., a biweekly meeting to discuss and monitor progress 

with the change initiative. The general agenda would include team managers reporting in-

formal feedback they have received, key users reporting insights from coaching and training 

material creation, and the committee reviewing results from the biweekly reinforcement sur-

vey. Additionally, the steering committee would be responsible for setting goals for the 

change initiative and anticipating risks related to the initiative’s progression. For example, 

discussing resistance sources and mitigation measures would be part of the risk management 

process conducted by the steering committee. 

Establishing the steering committee drives accountability on all participants who play a role 

in facilitating the change; for example, team managers would need to gather feedback on the 

tool to have topics to discuss in the steering committee. The committee could be disbanded 

as the change has become a new normal and moved to a stable reinforcement stage. The 

committee would be responsible for determining how long active monitoring is necessary 

until AI tool can be considered as a standard tool in common usage instead as a part of a 

change initiative. 

According to Bucy et al. (2017), only 29% of set metrics for transformation initiative mon-

itoring are used actively, and the rest are just noise and confusion. Based on this, there should 

not be many Key Performance Indicators (KPIs) set for monitoring the initiative. The quan-

titative measures of progress would come from the reinforcement survey. The survey in-

cludes questions such as “how would you rate your overall experience with the AI tool?”, 

which are answered on a scale from 1-4. The even number of answer options is intentional 

to force the survey participants to give an opinion instead of opting for a neutral answer. Not 

having an opinion is valid when the tool has not been used, and therefore there is also an 

option to answer that the participant has not used the tool for a specific purpose the question 

is addressing (Appendix 5). The author suggests establishing the following two measure-

ments as KPIs for measuring the change initiative’s progress:  

• KPI 1: Percentage of employees with active licenses using the AI tool [%]. 

• KPI 2: Overall employee satisfaction with the AI tool [1-4]. 
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The steering committee will be ultimately responsible for setting specific targets for these 

KPIs, but for demonstration purposes, this thesis presents an example of what they could be. 

The first milestone for KPI 1 could be 75% and would warrant holding a department-wide 

celebration as a part of the reinforcement efforts. The change could be considered as a new 

reinforced normal way of working when KPI 1 reaches 90%. 

In the initial deployment of the AI tool, the steering committee will identify testing experts 

who should be provided licenses. This process will be driven by the team managers who 

know the job duties of their team members and therefore can determine if they would benefit 

from the tool. Due to changing job responsibilities, some testing experts will face periods 

where they do not actively use an IDE. The team managers should identify these people in 

e.g., one-on-one discussions and verify if their license can be revoked for cost savings and 

accurate tracking of KPI 1. The employees are also instructed to inform if they no longer 

require the tool. The KPI would be calculated from people who answered the survey. The 

survey would be delivered via email and answering it must be emphasized. Reminders 

should be sent to answer the survey, similarly to how the organization operates with other 

surveys. The author acknowledges that not everyone will complete the survey, and the rate 

of completion should also be carefully monitored. 

The steering committee should discuss the survey scores and define potential actions accord-

ingly. The previous trials revealed that scores increased over time when employees got more 

familiar with the tool. Similar can be expected at the R&D department, and therefore a lower 

score at the beginning of the deployment is not a sign to worry about. Other possible reasons 

for low scores could be e.g., insufficient training or the tool not being very applicable to the 

R&D department’s testing. The latter could for example be addressed by further training it 

with internal data. 

The reinforcement survey also delivers additional quantitative measures to determine per-

ceived benefits, specifically on productivity, learning, and troubleshooting. These scores 

should also be monitored and understood by the steering committee, as they indicate which 

areas the tool is most useful in at the R&D department. The scores should also be shared 

with the department to describe the achieved benefits with the tool. 

The following discussion on set goals and timeframes is for demonstration purposes, and the 

actual goals will be defined by the steering committee internally. As presented in the 
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theoretical section, SMART goals are Specific, Measurable, Achievable, Relevant, and 

Time-framed. Ultimately, this change management plan aims to establish the usage of the 

new AI tool as a new normal way of working in the R&D department. This is tracked by 

KPI 1 measuring the percentage of employees with active licenses using the tool in their 

work. The aforementioned example set two goals for this KPI: 75% that is a cause for cele-

bration, and 90% that could be considered as the tool being the new normal. Giving these 

goals a timeframe, 75% should be achieved three months after the deployment, and 90% five 

months after the deployment. To monitor tangible benefits from the tool, employee satisfac-

tion (KPI 2) is also very relevant. Therefore, the average employee satisfaction should be 

>3.0 (slightly positive impact) three months after the deployment, and >3.25 five months 

after the deployment. Figure 16 illustrates how SMART goals can be set for monitoring the 

change initiative’s progression through the reinforcement survey data. 

 

Figure 16. Example of setting SMART goals for change initiative progression KPIs. 

 

In the long term, monitoring the AI tool’s usage through a regular survey is infeasible. How-

ever, understanding how much the tool is used is still important information. The organiza-

tion has set a rule that all code which has been developed with AI tool should include a 

specific tag. This could be utilized to automate the future monitoring by simply scanning all 

committed code and calculating how much of it includes this tag. 

7.7  Change management roadmap 

The previous chapters defined actions for raising awareness, creating desire, increasing 

knowledge, fostering ability, and reinforcing the change related to implementing the new AI 

tool in the R&D department. These actions are illustrated as a roadmap in Figure 17. This 

roadmap covers a month before the deployment and the following four months after.
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Figure 17. Change management roadmap.
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To summarize the roadmap, it begins from creating awareness. It is important to note that 

the BU has held own awareness sessions in March, which can be leveraged in the form of 

recordings and communication materials. The department should introduce the tool in an all-

hands session, share awareness sessions provided by the BU, and communicate about the 

tool through team meetings, email, company intranet, and informal coffee chats focusing on 

gathering feedback and thoughts. Key users from the department should be identified before 

the deployment to prepare them adequately. The identified users for the tool should be en-

couraged to complete the general trainings before the tool is deployed in the department. The 

steering committee should be also established and briefed before the tool is deployed. As an 

ongoing process throughout the change, the steering committee mitigates risks and monitors 

progress of the change initiative. 

During the month of deployment in June, team managers should address employees’ ques-

tions and concerns, and identify and manage potential sources of resistance. The department 

should invite a trusted expert to share their experience with the tool, focusing on the achieved 

benefits to create further desire to adopt the tool into use. The reinforcement survey is 

launched two weeks after the tool deployment, and acts as the formal feedback channel on 

department level. Furthermore, as the key users have been named, the LCO connects them 

to the local learning community on the tool. The key users should start preparing customized 

training to the R&D department during this time. 

One month after the deployment, the ongoing progress (i.e., reinforcement survey results), 

should be transparently shared with the department in an all-hands meeting. This also ena-

bles the department head to continue being involved throughout the change process and 

highlight its importance as the initiative sponsor. The key users should hold department-

specific trainings during this month to offer guidance on how the tool can be specifically 

applied to tasks in this specific R&D department. This could also further encourage some 

resistant employees to adopt the tool into use. The trainings should include practical exam-

ples and hands-on exercises which enable the users to start fostering ability towards using 

the tool in their daily work. Additionally, the team managers should try to understand those 

who have not yet taken the tool into use at this point. The managers can also promote a 

supportive learning culture by collecting feedback, encouraging employees to try out the 

tool, and by guiding them towards helpful sources and additional training when necessary. 
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Two months after the deployment, employees should be primarily developing ability by ap-

plying the tool in their daily work duties. Ability development takes repetitions, and the trial 

participants also found there is a learning curve with the tool to get the most benefits out of 

it. During the second month after deployment, the reinforcement survey results should be 

closely monitored to determine if the change is on track to hit the defined KPI goals set by 

the steering committee. As the change has progressed and the testing experts have started 

using the tool in their work, the department head should publicly acknowledge the achieved 

progress, benefits, and thank the people who have contributed to the change initiative. Sim-

ilarly, team managers should acknowledge the efforts in one-on-one meetings with their 

team members. 

When defined targets for the KPIs are achieved, the department should hold a celebration on 

successful adoption of the new AI tool. If these goals have not yet been achieved, the cele-

bration should be held when they are, as recognition loses value if it is not over real achieve-

ment. Based on gained information during the deployment process, the steering committee 

can also determine if the set goals should be adjusted. This plan defined the main change 

management actions to keep momentum with the change initiative over five months, and 

from there on, the steering committee should determine the next steps based on achieved 

progress, survey results, and received feedback. 
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8  Discussion and conclusions 

This chapter summarizes the research findings by answering the research questions. Addi-

tionally, the reliability of this research is discussed and recommendations for further research 

are presented. 

8.1  Research results 

The research questions will be answered by first answering the sub-questions that together 

build the final answer to the main research question. Starting with the first sub-question: 

What are the potential use cases for AI in the testing process? 

The research identified 18 potential AI use cases in the R&D department’s testing process. 

These can be grouped to four distinct categories which are optimization, troubleshooting, 

information collection, and content generation. Most use cases were found in the optimiza-

tion category, and these are mainly related to utilizing existing information more effectively 

for data-driven decision-making. This for example includes identifying dependencies be-

tween test cases, optimizing order for executing tests, and finding efficient configurations 

for testing environments to enable executing as many test cases as possible. The trouble-

shooting use cases are mostly related to analyzing data such as log files to identify root 

causes for issues. Additionally, information collection for fault reports was recognized as a 

possibility. AI coding assistants can aid in troubleshooting by explaining functionality of 

code in natural language. 

The information collection use cases refer to using AI for searching and summarizing infor-

mation. This can be e.g., searching for documentation or answers to questions the testers 

have during their work. AI can also be used for summarizing relevant pieces of information 

from long rigidly structured documents such as test plans and requirements specifications. 

Additionally, the testing experts must identify dependencies between different features that 

are planned for testing, which involves scanning and comparing different long documents. 

AI can also aid in this type of information summarization. The final use case category is 

related to generative AI, where LLMs and coding assistants can create documentation, 
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generate test cases in natural language and code format, aid in writing test automation with 

suggestions and code auto-completion, create file templates, and help with ideation for ex-

ploratory testing. All the identified use cases are described in further detail in Appendix 3. 

Which AI solution should be implemented? 

The second sub-question was designed to identify the AI solution that will be implemented 

to the R&D department’s testing process. The main factors that influenced the selection pro-

cess were availability of AI solutions, addressability of the identified use cases, and the or-

ganization’s guidelines for AI usage. It became evident that the chosen AI solution should 

be relatively easily available to ensure that the change management plan is not created for 

something that will not be accessible in the end or will be denied during a rigorous approval 

process. Furthermore, the chosen AI solution should be able to address identified use cases 

to deliver tangible benefits. Based on these selection criteria, there were two mature enough, 

accessible AI tools that could effectively address the identified use cases. 

The first option was a general purpose LLM, which required submitting a business case for 

applying for a PoC trial to the tool. The second option was an LLM-based coding assistant. 

During the writing of this thesis, the R&D department’s business unit decided to deploy the 

coding assistant tool. The author presented these two options and their pros and cons to the 

leadership team of the R&D department to facilitate making the decision. The final decision 

was to focus the change management plan on implementing the second option, the coding 

assistant. The decision was based on higher maturity of the tool, the tool having business 

unit level support for implementation, and the tool’s ability to enhance the R&D depart-

ment’s test automation development process, which has been identified as an important de-

velopment area. The expected benefits from implementing the AI tool are lower barrier to 

entry for creating test automation, faster automation knowledge ramp-up, quicker trouble-

shooting, increased efficiency and productivity, higher code quality, enhanced learning, and 

better job satisfaction through automating repetitive tasks. 

How should the associated change be implemented in the R&D department? 

The third research question considers the change management aspect of incorporating AI to 

the R&D department’s ways of working. The answer to this question was built by reviewing 

change management literature and understanding the R&D department’s context through 15 

expert interviews with test engineers, test architects, and team managers. The change 
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management plan was created by following the ADKAR model, which describes that achiev-

ing Awareness, Desire, Knowledge, Ability, and Reinforcement, in this order, is essential 

for successful change. The ADKAR model can be utilized for diagnosing employee re-

sistance to change, helping employees transition through change process, and developing a 

change management plan for a set objective. All these objectives are relevant for this thesis 

and therefore the model was a great fit for developing the change management plan. 

The defined change management plan starts from creating awareness on the AI tool and why 

it is being implemented. Various communication channels and repetition of information are 

necessary to reach as many people as possible and ensure the information is retained. The 

defined communication channels include e.g., department all-hands meetings, formal aware-

ness sessions on Microsoft Teams, email, company intranet, and team meetings. 

When there is awareness on why the tool is being implemented, it is time to create desire to 

start using it. This is done for example by showcasing the benefits through e.g., experts shar-

ing their experiences with the tool. Additionally, in this stage it is crucial to address employ-

ees’ questions and concerns and give options for providing feedback. Feedback is gathered 

through a biweekly survey sent to the tool’s users. As survey data has been gathered, it is 

important to transparently share the progression of the change initiative and achieved bene-

fits, as transparency and openness of information are contributing factors for positive em-

ployee attitudes towards change initiatives. The department should also name key users for 

the tool who will act as central points of contact for help and coaching on the tool usage. A 

local knowledge community on the tool should be formed. 

When there is desire to use the tool, knowledge and training can be provided. The depart-

ment’s business unit has provided general trainings to all users, highlighting the tool’s ben-

efits, rules for using it, and its basic functionality. The department’s key users should hold 

tailored trainings on how the tool can be applied in the R&D department’s context, which 

further encourages new users to adopt the tool. As a part of training, employees should be 

provided with practical examples and hands-on exercises so they can start using the tool 

themselves. Team managers also play an important role in providing a supportive and en-

couraging learning culture by e.g., being open for feedback and directing employees towards 

helpful sources if they struggle with learning to use the new tool. 
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As knowledge has been gained, it does not automatically translate into ability. Fostering 

ability requires repetitions of employees using the tool in their daily work. Individuals learn 

at different paces and start with different base skillset, and therefore some will require addi-

tional training and coaching at this stage. Some may get discouraged during the learning 

process and become resistant, in which case the team managers should provide support to 

address potential resistance on an individual basis. 

When employees are using the new tool in their work, it is time to reinforce the change. 

Without reinforcement, humans tend to revert to old habits and routines. A steering commit-

tee should be established to monitor the progression of the change initiative. The purpose of 

the steering committee is to define goals for the change initiative, mitigate risks, monitor 

progress through the survey results and received feedback, address potential resistance situ-

ations, identify new learning needs, and keep up with the tool’s development. The author 

presented two KPIs for monitoring the change initiative progression. These are the share of 

employees with active licenses using the tool, and overall satisfaction with the tool. The 

steering committee should define specific, measurable, achievable, relevant, and time-

framed goals for these KPIs. 

Finally, celebration and recognition are important parts of the reinforcement process. As the 

set KPI goals are reached, the department should hold a celebration on successful adoption 

of the new AI tool. Additionally, the department head and team managers should provide 

recognition and thank employees for participating in the change initiative, acknowledging 

the effort it has taken. To promote transparency, the progression of the change initiative and 

achieved benefits (i.e., survey results) should be communicated to the department. 

Finally, addressing the main research question this thesis set out to answer: 

How can AI be effectively incorporated into the R&D department’s testing process? 

Starting off with effectiveness, the chosen AI solution should be easily accessible and mature 

enough to deliver positive results and tangible business impact. Therefore, a mature AI cod-

ing assistant tool with business unit level support was selected as the tool for implementation. 

The tool is expected to ramp-up test automation skills and knowledge, help with trouble-

shooting and learning, and increase overall efficiency and productivity of testing work in the 

R&D department. 
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The interviews revealed that the testing experts in the R&D department have a positive out-

look on AI, motivated by their curiosity towards new technology. The department’s culture 

displays the broader organization’s cultural essentials, which are defined as “Open, Fearless, 

and Empowered”. For example, all interviewees felt encouraged to openly share their con-

cerns and new ideas, indicating a high level of psychological safety. It can be concluded that 

the existing culture supports change well. Furthermore, the team managers are experienced 

professionals with previous experience in facilitating change and addressing resistance 

among team members.  

Successful implementation of the selected AI tool requires change management efforts. The 

main objective of the change management at the R&D department is to facilitate individual 

change, i.e., encourage testing experts to incorporate the AI tool into their daily work. The 

ADKAR change management model fits this purpose very well and was therefore followed 

in creating the change management plan. In collaboration with the department’s transfor-

mation managers and team managers — who act as the primary facilitators of change — the 

author defined a roadmap of change management actions to incorporate the AI tool into the 

department’s testing process within a five-month timeframe, Figure 17. 

8.2  Research reliability 

According to Golafshani (2003), trustworthiness is one of the most important elements in 

ensuring reliability of qualitative research. Many scholars debate that the terms reliability 

and validity cannot be applied to qualitative research similarly to quantitative research be-

cause of their different methodologies and purposes (Golafshani 2003; Noble & Smith 

2015). However, the reliability of qualitative research can be measured through alternative 

terminology such as truth value, consistency, and applicability, and neutrality or confirma-

bility (Noble & Smith 2015).  

Truth value refers to accurately presenting the participant’s perspectives without bias from 

the researchers’ personal experiences and viewpoints. Consistency means that the research-

ers have transparently described the research methods and decisions made during the re-

search process. If the research was replicated, an independent researcher should arrive to 

similar or comparable findings. Applicability considers if the research findings can be ap-

plied to other settings, e.g., contexts or groups. Finally, neutrality or confirmability is a sum 
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of the previous three items, and is achieved when truth value, consistency, and applicability 

are properly addressed. It focuses on transparently describing the research methodology and 

taken decisions and differentiating the researchers’ personal perspectives from the partici-

pants. (Noble & Smith 2015) 

Starting with truth value, in this research the recording of the interviews allowed revisiting 

the gathered data in a neutral setting outside of the interview, which allowed identifying 

patterns and documenting all findings properly. However, as the interviews do not give a 

definite yes or no answer to any questions, the author’s personal perspectives and under-

standing may have impacted the findings. To combat this issue, the interview findings in-

clude direct quotes from the participants for neutral presentation of the findings in their pure 

format. These quotes also enable describing from what type of answers the author has drawn 

the summarizing conclusions. 

Regarding consistency, this research has transparently described the undertaken process, de-

cisions, and stakeholders and how they were involved in making the decisions. For increased 

transparency, the interview questions are documented in Appendix 1 and Appendix 2. An 

independent researcher conducting the interviews with the same question set should be able 

form similar conclusions. However, as the interviews were semi-structured, some follow-up 

questions were asked that are not documented. Nevertheless, the author believes these have 

not had a significant impact to the overall interview findings. 

In single case studies, the generalizability of the findings is low (Tsang 2014). As this re-

search was a single case study focusing on an individual R&D department, it is not applica-

ble to other companies. The applicability of the findings inside the same company is better, 

but still rather low. Individual leadership teams and employees can have differing views and 

foster differing cultures, and therefore the findings might not be applicable to adjacent de-

partments inside the company. 

To summarize, this research has transparently described the undertaken process, the deci-

sions made, and the involvement of stakeholders in making the decisions. Regarding the 

interview findings, an independent researcher should be able to arrive to similar conclusions. 

As the change management plan was tailored to a specific R&D department in the case com-

pany, the applicability to other contexts is low. Every organizational context is unique, and 

that must be understood before creating and tailoring a change management plan. 
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8.3  Further research recommendations 

This research was a single case study focusing on a specific R&D department in the organi-

zation, and therefore the findings cannot be broadly generalized. Future research could aim 

to identify common best practices among AI implementations in different contexts and com-

panies. Such research could seek to develop a general guideline or template for AI-related 

change management initiatives, which could then be tailored to different contexts. 

As a part of the interview process, this research identified challenges in the R&D depart-

ment’s testing process. One challenge that could be further addressed in the form of e.g., 

another master’s thesis, is sharing of knowledge between different teams in the department. 

The teams displayed unique skillsets and would further benefit from sharing their knowledge 

more effectively with each other. Further research could identify and establish processes for 

continuous improved knowledge sharing in the department. 

When defining KPIs for measuring the change initiative’s progression, discussions were held 

on how the AI tool adoption could be linked to broader KPIs such as testing efficiency or 

level of automation. It was concluded that it is difficult to determine causality of smaller-

scale change initiatives to larger KPIs which are influenced by multiple factors. To describe 

this with an example, the implemented AI tool is expected to make test automation work 

more efficient and enhance learning in that area. However, directly connecting its imple-

mentation to increased level of automation is not feasible as many other factors (e.g., in-

creased training, shifting emphasis areas, and number of employees) also contribute to the 

automation level. Further research could aim to identify measures for accurately tracking the 

impact of smaller-scale change initiatives in a broader business context. 

Finally, in this research 18 use cases for AI were identified in the department’s testing pro-

cess. The selected AI solution enables addressing seven of these. The other use cases also 

showed a lot of potential and should be further explored in the form of scaling AI usage. For 

example, currently the department has lots of data which is not being effectively used for 

data-driven decision-making. Using ML and AI to generate insights more effectively from 

this data is a potential future research topic. The available AI solutions are developing very 

rapidly, and future research should investigate if use cases identified in this thesis can be 

addressed in an effective manner with new AI solutions.  
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Appendix 1. Interview questions for test engineers and test architects. 

Background 

1. How long have you been working at Nokia? 

2. How long have you worked with testing? 

3. What are the main tasks you do in your role? 

4. Do you face any issues in your daily work? 

5. Does your daily work involve any manual tasks that could be automated? 

AI topics 

6. Could you describe your understanding of what is AI? 

7. Do you think AI will become a part of your job in some way or form? 

8. Do you think AI can replace your job? 

9. Have you ever used any AI tools? 

i. For what purposes? 

ii. Did you find the tool useful? 

iii. Do you think there is a learning curve for getting better in using it? 

10. Have you studied AI and the underlying operating principles? 

11. Do you wish Nokia offered more knowledge sharing and training on topics related 

to AI? 

12. Do you use an IDE (Integrated Development Environment) such as VsCode or Py-

Charm in your work? 

13. Based on your experience, do you have any ideas or wishes where AI could aid in 

our testing? 

14. Do you see any issues, risks, or concerns related to using AI in your work? 

Attitude on change 

15. What do you think of our current testing process in terms of efficiency? 

16. Do you like to experiment with new tools and ways of working? 

17. In your opinion, what is the most effective style of training for learning a new tool 

or method? 

18. Do you think it is easy to voice concerns and differing opinions? 

19. When new change is introduced, do you think the message and justifications are 

clear? 

 



 

Appendix 2. Interview questions for team managers. 

Background 

1. How long have you been working at Nokia? 

2. How long have you worked with testing? 

3. Do you face any issues in your daily work? 

4. Does your daily work involve any manual tasks that could be automated? 

AI topics 

5. Could you describe your understanding of what is AI? 

6. Do you think AI will become a part of your job in some way or form? 

7. Do you wish Nokia offered more knowledge sharing and training on topics related 

to AI? 

8. Have you ever used any AI tools? 

i. For what purposes? 

ii. Did you find the tool useful? 

iii. Do you think there is a learning curve for getting better in using it? 

9. Based on your experience, do you have any ideas or wishes where AI could aid in 

our testing? 

10. Do you see any issues, risks, or concerns related to using AI in your team’s work? 

11. In what ways do you see AI impacting the roles and responsibilities of your team 

members in the future? 

Team competence development 

12. How do you identify the training needs of your team members regarding emerging 

technologies such as AI? 

13. In your opinion, what method of training on AI topics would be the most beneficial 

for your team members? 

Role in facilitating change 

14. What role do you play in creating a culture that embraces change and innovation 

within your testing team? 

15. How do you maintain a balance between innovation and stability in your team? 

16. What do you think are the most important aspects in fostering psychological safety 

in your team? 

17. As a team manager, how do you typically communicate and introduce changes to 

your team? 

18. How do you identify and address resistance to change among team members? 

Monitoring and evaluation 

19. How do you gather feedback from your team members regarding the adoption of 

new tools and changes in processes?
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Appendix 3. Identified use cases for AI in the R&D department’s testing process. 

Use case Description 

Finding efficient  

configuration list 

Test cases must be performed with many different configu-

rations e.g., different hardware, software, and firmware. AI 

could be used for analyzing the required configurations and 

identifying those that enable performing the most test cases. 

Testing effort estimation LLMs/ML can be used for leveraging historical data on test-

ing effort estimations and actual realized efforts to make ef-

fort estimation process more data-driven. Currently it is 

based on expert assessment. 

Test suite evaluation AI/ML can be used for identifying overlapping and obsolete 

test cases in regression test suites. This would enable reduc-

ing the number of tests, in turn reducing the feedback time 

and required processing power for regression testing. 

Testing order optimization Many test cases have same initial steps. AI could highlight 

the optimal order to perform test cases to avoid repetitive 

work. 

Test case dependency 

identification 

When a test case is changed, the change can have impact on 

other test cases. Therefore, we must "test the test case". AI 

could highlight these dependencies to help determining how 

to test the changes effectively. 

Test case design 

improvement 

Coding assistant AI tools can highlight and suggest good de-

sign patterns and code structures for automated test cases, 

which is especially helpful for testers who are not familiar 

with creating test automation. 

Log analysis AI can be used for analyzing logs to identify root causes for 

issues. 

Bulk analysis of issues AI can used for identifying patterns in data on failed test 

cases to identify common causes for faults and problem ar-

eas. 

Fault report creation Fault reports require collecting logs, identifying dependen-

cies, and connecting the report to specific part of system or 

a feature. AI could aid in this information filling and collec-

tion. 

Code explanation AI coding assistants can explain code in natural language, 

aiding the user in troubleshooting process to understand why 

the code is behaving in a certain manner. 

Information searching LLMs are very helpful in searching for generic information, 

such as definitions or ideas for generic topics. If an LLM 

could be trained with Nokia-specific data (e.g., Confluence 

pages), it would become a very effective tool for learning 

and troubleshooting. Coding assistants with chat features 
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can help with coding-related questions such as creating CLI 

commands. 

Information  

summarization 

Testing involves reading and analyzing many structurally 

rigid long documents and searching for information from 

them. This is time-consuming manual work, and AI could 

help by summarizing relevant information from these docu-

ments. 

Feature dependency  

identification 

Testing features may have lots of complex dependencies to 

other features and tracking these manually is very difficult 

as the tester must navigate many different documents. 

AI/ML could be used for analyzing these and identifying the 

dependencies. 

Documentation creation LLMs can be used for generating documentation such as 

testing strategy, testing plans, and code documentation. 

Test case generation from 

user stories 

LLMs can be used for generating test cases from described 

user stories. 

Code suggestion & 

auto-completion 

Coding assistant AI tools can auto-complete code lines and 

generate code suggestions. Coding assistants can also sup-

port with developing other automation files in code format 

such as YAML and dockerfiles. 

Test code generation from 

test cases 

AI can generate test cases in code format (e.g., Python 

scripts, Robot Framework) from natural language test case 

descriptions. 

Exploratory testing  

ideation 

AI could aid in creative ideation for ways to conduct explor-

atory testing. 



 

Appendix 4. Planned trainings for knowledge ramp-up. 

Training topic Agenda Provider 

Responsible AI 

use 

• Summary of the company’s Acceptable AI Use 

Guide. 

• Risks and guidelines when working with AI. 

Legal expert 

Rules of  

engagement 

with the tool 

• Rules for engaging with the tool, including data 

protection and potential risks and mitigation 

measures. 

Subject matter 

expert 

Tool  

installation 

• Step-by-step tutorial on installing the tool in the 

most popular IDEs. 

Subject matter 

expert 

Tool usage • General tool introduction. 

• Working with the tool in the IDE. 

• Presentation of core functionality with practical 

examples. 

Tool provider 

Tool user  

stories 

• Various user stories from trial participants on 

how they have used the tool in their specific 

work context. 

Software  

development  

experts 

Prompt  

engineering 

• Effective prompt engineering techniques for 

getting desired results from generative AI. 

Subject matter 

expert 

Introduction to 

test automation 

• R&D department-specific knowledge sharing on 

how test automation is developed. 

Testing expert 

Tool in R&D 

department 

testing I 

• Using auto-completion function. 

• Searching for information with the chat func-

tion. 

• Generating documentation. 

• Hands-on exercises. 

Key user 

Tool in R&D 

department 

testing II 

• Writing Robot Framework test cases, Bash 

scripts, and Python libraries with the tool. 

• Generating and editing docker and YAML files. 

• Generating CLI commands. 

• Hands-on exercises. 

Key user 

 



 

Appendix 5. Change reinforcement survey structure. 

1. Are you using [AI Tool] in your work? (Yes/No) 

2. There is sufficient training and documentation available for [AI Tool]. 

3. [AI Tool] has boosted my productivity. 

4. [AI Tool] has helped me with learning. 

5. [AI Tool] has helped me with troubleshooting. 

6. How would you rate your overall experience with [AI Tool]? 

7. Do you wish to continue using [AI Tool]? (Yes/No) 

8. Open field for comments. 

 

On questions 2 – 5 the answers are described followingly: 

1 – Disagree 

2 – Slightly disagree 

3 – Slightly agree 

4 – Agree 

 

On questions 3 – 5 there is an additional option to select “Have not used [AI Tool] for this 

purpose”, which is a valid reason for selecting a neutral answer. 

 

On question 6 the answers are described followingly: 

1 – Negative impact 

2 – Slightly negative impact 

3 – Slightly positive impact 

4 – Positive impact 
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