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Abstract 
This study examines the artificial intelligence (AI) transformation of higher education, 

with a particular focus on the integration of Artificial Intelligence (AI) in teaching 

and learning. As institutions worldwide has adopted AI to enhance teaching and 

learning, the rapid pace of transformation has introduced challenges, including 

discrepancies among regions and institutions, ethical concerns, and shifts in 

professional and academic norms. Against this backdrop, this study addresses two 

key research questions: (1) How is AI being integrated into teaching and learning 

practices across different regions? (2) How do institutional factors influence 

educators’ and students’ perceptions of using AI tools for teaching and learning in 

higher education? To explore these questions, the study employs a mixed-methods 

approach, combining secondary data analysis of global survey responses with primary 

qualitative data from interviews with educators and learners at a university. However, 

the findings should be interpreted with caution due to several limitations: the 

secondary data are restricted to member universities of a global association, with 

European institutions overrepresented and reginal gaps in data; and the qualitative 

interviews were conducted at a single university with a small sample. Despite these 

constraints, the study provides valuable insights into the ongoing AI transformation 

of HEIs and the implications of AI use in teaching and learning. 
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1. Introduction 
Rapid pace of technological development has led to the rise of artificial intelligence 

(AI) or generative AI tools such as ChatGPT, Copilot, Gemini, etc. in society. There 

has been increasing integration of AI into professional and daily tasks. It is believed 

that the introduction of AI has led to a critical transformation of knowledge work, 

research, and education (Wagner et al., 2026). We are seeing a monumental shift from 

traditional research and pedagogical approaches to AI-assisted knowledge production 

and delivery.  
The last few years have witnessed the shift from traditional teaching methods to the 
widespread integration of technology in educational paradigms, such as the use of 
mobile applications for learning, instructional software tools in courses, the 
emergence of Massive Open Online Courses (MOOCs) (Ahmad et al., 2024), ICT 
(Information and communication technology). Universities worldwide have used 
technology to improve student collaboration, skill development and self-assessment 
(Naveed et al., 2023), chatbots to assist students and facilitate autonomy (Deng & 
Yu, 2023; McGrath et al., 2025). One must mention AI when discussing 
technological transformation in higher education. The launch of Generative AI has 
sparked widespread adoption in teaching and learning. AI is among the newest and 
most discussed in recent research. 

1.1 Background and problem 
Systematic literature review of AI application in higher education by Wang et al. 

(2024a) showed that AI is used and appraised the most for its personalized and 

adaptive learning benefits. Systematic literature review has shown that AI tools have 

become personal assistants to both learners and educators, assisting them in 

personalized learning and teaching activities (Ivanova et al., 2024). Learners use AI 

tools like a personal assistant in tutoring, writing assistance, summarization (Ivanova 

et al., 2024). Teachers use these tools in designing courses, preparing teaching 

materials and for feedback & assessment. Experiments with Gemini and ChatGPT 

show that the tools can help automate grading of programming assignments with high 

level accuracies when compared to human grading, and they even enable personalized 

and instant feedback (Mohamed et al., 2025). AI-based technology even has the 

potential to replace traditional paper-and-pen examinations with secured online 

formats (Kulkarni et al., 2025). The systemic literature review by Wang et al. (2024b) 

suggests that, despite the rapid expansion of AI applications in education, the field 

remains dominated by experimental studies focusing on system development and 

application effectiveness, while qualitative and mixed-methods research remains 

comparatively limited. As AI technologies continue to advance, particularly with the 

emergence of generative AI, there is a growing need for research that not only 

evaluates technological performance but also provides deeper insights into how AI 

reshapes teaching and learning practices. Therefore, future studies should adopt more 

qualitative and mixed-method approaches to generate richer theoretical 

understandings, examine the experiences and perspectives of teachers and learners, 

and explore emerging issues associated with the integration of AI in educational 

contexts (Wang et al., 2024b). 

Researchers both appraised AI and viewed it as having a transforming impact 

on teaching and learning, at the same time, immensely expressed the concerns and 
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ambiguity regarding this technology due to academical integrity, ethical and privacy 

issues (e.g.: Ifenthaler et al., 2024; Lee et al., 2024). The increasing integration of AI 

in education introduces ethical concerns related to privacy, algorithmic bias, educator 

autonomy, fairness, transparency, and trust; this leads to the need to investigate how 

users perceive these ethical risks, as such perceptions may influence AI adoption and 

usage (Wang et al., 2024b). Addressing the relevance of research at the intersection 

organizational implementation and engineering fields, Eesley and Gerber (2025) 

mentioned the role of institutional mechanisms and designs for legitimate and feasible 

impact. Research by Sharma et al. (2026) drawn from real cases of Generative AI 

applications in organizations and listed lessons for effective implementation, asides 

from technical setups, the rest of lessons involve key role of the organization itself in 

controlling and managing the use of this tool: creating mechanisms, collaboration. 

controlled adoption, training for skilled staff. These suggest that higher education 

institutions have an important role in establishing governance frameworks, ethical 

guidelines, and institutional policies that promote responsible AI use and mitigate 

potential risks. Such institutional support can help create an environment in which 

teachers and students are more confident in adopting generative AI technologies. 

 

1.2 Topic justification  
 Universities have increasingly invested in information technologies to improve 

teaching and learning, highlighting the importance of understanding the 

organizational structures and processes that facilitate effective technology 

implementation and educational innovation (Alavi & Leidner, 2001; Deacon et al., 

2022). Particularly, in existing AI in education research has primarily concentrated 

on system development and application effectiveness, with comparatively limited 

attention given to qualitative and mixed-methods research that explores the 

experiences and perspectives of educational stakeholders (Wang et al., 2024b). Their 

review also highlights the growing need to investigate the implications of emerging 

technologies such as generative AI, as well as users’ perceptions of ethical concerns, 

including privacy, fairness, transparency, and trust, which may shape AI adoption. 

According to Giannitsas et al. (2026), even though institutional lens is useful in 

inspecting AI implementation and that AI implementation unfolds within institutional 

context, there is still little known about the interaction between institutional factors 

and contemporary AI. Universities can influence users through formal policies, 

course requirements, academic integrity rules, training, access to institutional tools, 

etc. but real usage often differs from institutional guidelines and users may adopt tools 

independently. Importantly, previous research has discussed institutional AI policies 

but these studies lacked the perspectives of those actually use the tools like faculty 

staff and students (Jiang et al., 2025). Building on these identified gaps, there remains 

limited understanding of how institutional factors, such as governance, policies, 

ethical guidelines, and organizational support, influence teachers’ and learners’ 

adoption and use of generative AI in higher education. 

The topic of understanding how AI is being used in higher education is extremely 

pertinent to the study of information systems (IS) because AI revolution in higher 

education is both an educational problem and a socio-technical and organizational 

information systems phenomena. Orlikowski and Baroudi (1991) posited that social 

processes where interactions among people, information technology, and 
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organizations historically and contextually, are fundamental to IS research. Thus, we 

believe that it is important to study how technology is created, embraced, used, and 

utilized in businesses and society in the field of information systems. And according 

to Wang et al. (2026), the significance of comprehending how intelligent systems 

transform human labor, learning, and institutional practices has increased. They also 

pointed out that AI transformation is not just technical but also has an impact on 

institutional procedures, human behavior, and organizational structures - all of which 

are important issues in the IS field. In their systemic literature review, Wang et al. 

(2024b) identified adoption and acceptance as one of the major research themes in the 

topic of AI in Education and emphasize that the field is inherently interdisciplinary, 

with Management Information Systems (MIS) serving as one of its foundational 

disciplines. They further argued that collaboration among MIS scholars, educators, 

psychologists, and computer scientists is essential for advancing AI research, 

reflecting the socio-technical nature of AI implementation in educational settings. 

Consequently, investigating institutional factors that influence the adoption and use 

of generative AI in higher education is well aligned with the objectives of Information 

Systems research. 

Furthermore, higher education institutions are depending more and more on 

information systems and AI-enabled technology to facilitate teaching, learning, and 

decision-making, which makes the issue pertinent. Wambsganss et al. (2025, p. 475) 

stated that information systems have long been utilized as “technology-mediated 

learning tools” to handle scalable and customized learning difficulties, according to 

earlier IS research. Systems that facilitate online debate, collaborative learning, 

adaptive feedback, and intelligent technological assistance for education have all been 

studied in earlier IS research (Wambsganns et al., 2025), and the research interest has 

reached another peak since the emergence of AI (Grange et al., 2025). Wambsganns 

et al. (2025) highlighted the need for educational institutions to adjust to the shifting 

skill requirements of contemporary society, where AI developments open the door to 

more intelligent learner-centered systems, but also cautioned that institutional and 

organizational adoption and integration of these technologies can be difficult. 

Therefore, by analyzing how organizations adapt, manage, and incorporate new 

intelligent systems into organizational and educational settings, research on AI 

transformation in higher education directly advances IS research.  

Additionally, because our research examines the relationship between technology, 

institutions, and human actors, it is consistent with the socio-technical approach of IS. 

Besides technological implementation, institutional governance, organizational 

legitimacy, policies, professional standards, and user acceptability are all important 

aspects of AI adoption in higher education. This strongly aligns with the fundamental 

issues of IS research including organizational change, digital transformation, 

technology adoption, and the interaction between institutional contexts and 

information technologies. Thus, we believe that our research questions would be 

important and worth researching, for both the scientific community and the wider 

public because it has implications for IS research community, future AI literacy, and 

teaching & learning practice transformation.   

Institutional theory is among the most well-established and prevalent theories used in 

IS research and it has been used to explore the influence of organizational antecedents 

on organizational practices (Lee et al., 2021). For that reason, this framework would 
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be useful in investigating organizational transformation and adoption processes such 

as in this thesis: adoption of AI in higher education institutions. 

 

1.3 Purpose statement and research questions 
While AI tools are rapidly adopted by educators and learners, the ways higher 

education institutions integrate and regulate this technology vary across contexts. 

Existing research often focuses on pedagogical potential or ethical concerns, but less 

attention has been given to how institutional structures influence users’ adoption and 

practices. These prompts us to conduct this thesis with the aim is to explore how 

higher education institutions worldwide have integrated artificial intelligence into 

their practices. This study will address the following research questions: 

 

1) RQ1: How is AI being integrated into teaching and learning practices in 

higher education? 

2) RQ2: How do institutional factors influence educators’ and students’ 

perceptions of using AI in teaching and learning in higher education? 

 

Answers to RQ1 will be drawn from the secondary source of data which is survey 

questionnaire. Statistics from the survey inform quantitative analysis. Answer to RQ2 

will be drawn from the primary source of data which is interview. Analysis results of 

primary and secondary data will be evaluated and used in complementary with each 

other to provide a comprehensive picture of the topic.  

 

1.4 Thesis organization 
This study is structured into six parts as illustrated in Figure 1. Chapter 1 

introduces background of the research, identifies research gaps and presents research 

questions. Chapter 2 goes into details of the topic and consolidates existing literature 

to create a foundation for conducting research. Chapter 3 presents theoretical 

framework. Chapter 4 presents philosophical traditions and methodological 

approaches employed in the thesis. Chapter 5 demonstrates the data analysis process 

and results. Chapter 6 discusses results and compares them with existing literature. 

Chapter 7 summarizes the research and offers recommendations.  
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2. Literature Review 
2.1 Recent changes in higher education  
The epidemic has been a major impetus for the rapid digital transformation of higher 

education throughout the world. While earlier research mostly concentrated on the 

quick uptake of online learning and communication technologies in higher education, 

later and recent studies emphasize the incorporation of AI into teaching and learning 

practices and its impact on educators' and students' perspectives. Institutions widely 

adopted a variety of digital tools to keep education going during the epidemic in 2019. 

Yu and Motlhabane (2022) demonstrated how informal learning methods such as 

WhatsApp may be incorporated into teaching techniques, where both students and 

teachers gave generally good feedbacks. Social media platforms encouraged student 

participation and knowledge exchange in online learning settings, according to 

Baragash et al. (2022). Although they weren’t yet AI-driven, these studies show early 

instances of new technology integration into teaching methods. 

As technology advances, research started to examine how more sophisticated 

technology, such as AI-enabled systems, are incorporated into higher education as 

digital practices developed. For instance, when used in conjunction with suitable 

supervision and instructional design, AI-assisted technologies like ChatGPT have 

been demonstrated to enhance student learning (Pham et al., 2023). Wang et al. 

(2024b) found that research on artificial intelligence in education has predominantly 

focused on the development of AI applications, particularly adaptive learning and 

personalized tutoring systems, with system and application design emerging as the 

most extensively investigated research topic. This reflects the growing emphasis on 

leveraging AI to enhance learning processes while demonstrating the expanding role 

of AI technologies in higher education. The rapid development of Generative AI has 

positioned these technologies as an emerging force in education, with tools such as 

ChatGPT becoming widely explored for supporting teaching, learning, and research 

activities (Marchena Sekli et al., 2024). The increasing availability and capabilities of 

GenAI tools have encouraged educational institutions to reconsider how AI can be 

integrated into academic practices while addressing associated challenges. 

Despite the increasing adoption of AI in education, Wang et al. (2024b) argued that 

its integration also introduces important ethical and practical challenges. Their review 

highlights concerns related to personal data privacy, algorithmic bias, educator and 

learner autonomy, fairness, transparency, and trust, while emphasizing that users' 

perceptions of these ethical risks may significantly influence the adoption and 

continued use of AI technologies in educational contexts. Marchena Sekli et al. (2024) 

emphasized that the successful integration of Generative AI in educational institutions 

requires more than access to AI tools, as educators and students need adequate 

training and skills development to effectively and responsibly utilize these 

technologies.  

The development of AI in Education research reflects a shift from examining 

established AI applications and system development toward addressing more 

complex questions regarding AI integration, stakeholder experiences, and responsible 

use. Wang et al. (2024b) highlighted that while existing studies have extensively 

investigated AI application design and empirical effectiveness, emerging areas such 

as generative AI, user experiences, ethical considerations, and the broader 



 

 

 

 

 

 

 

 

Page 6 (59) 

 

implications of AI in learning environments require further investigation. Marchena 

Sekli et al. (2024) further emphasized that the rapid development of GenAI has 

introduced new technical, pedagogical, and ethical challenges that require 

investigation within real educational contexts. These challenges include concerns 

regarding the reliability of AI-generated information, the need for user training, 

academic integrity, and the responsible implementation of GenAI tools among 

educators and students. Therefore, greater attention is needed to understand 

stakeholders' perspectives, ethical concerns, and the contextual factors that shape the 

adoption and effective use of emerging AI technologies. 

2.2 Institutional factors shaping AI transformation  
According to Nguyen et al. (2021), artificial intelligence is a socially and 

institutionally integrated technology in higher education context. Organizational 

structures, policies, culture, stakeholder acceptability, and institutional objectives all 

have a significant role in its adoption. Meyer and Rowan (1977) argued that 

organizations adopt practices to gain legitimacy, stability, resources, and survival 

advantages. AI application in higher education possibly occurs as a reflection of 

institutional pressures, expectations of modernization, and competitive legitimacy.  

Firstly, adoption and integration of AI technologies in higher education are facilitated 

by leadership, especially at the senior management level (Zhu et al., 2024). Zhu et al. 

(2024) emphasize the important influence of digital leadership at the university level 

on the behavior and technology-related abilities of teachers. When it comes to AI, this 

kind of leadership has a direct impact on teachers’ capacity and desire to use AI 

technologies into their lesson plans. Leadership determines the institution’s framing 

of AI, which in turn affects how educators and students view its role in teaching and 

learning. The need for AI literacy development identified by Marchena Sekli et al. 

(2024) also implied the importance of institutional leadership in promoting 

professional development opportunities. Without organizational support and strategic 

investment in training, instructors may face difficulties integrating GenAI effectively 

into teaching practices. Effective AI integration requires an institutional climate 

where AI adoption is encouraged, directed, and in line with educational objectives, 

which is fostered by strong leadership. 

When it comes to directing AI revolution, institutional approaches are just as crucial. 

The importance of institutional stance in creating programs for lifelong learning in 

the face of fast technological change was highlighted in the research by Cronholm 

(2021). The sheer fact that AI technologies are available does not guarantee their 

successful integration because technological capabilities and institutional practices 

need to interact well to determine their influence (Bygstad et al., 2022; Soodan et al., 

2023; Zhu et al., 2024). Specifically, the ethical challenges associated with GenAI 

also highlight the importance of institutional governance in shaping responsible AI 

adoption. Concerns regarding privacy, fairness, transparency, and trust (Wang et al., 

2024b), as well as academic integrity, authorship, and inappropriate dependency 

(Marchena Sekli et al., 2024), require higher education institutions to establish clear 

guidelines and policies that support ethical AI practices. Lack of institutional 

guidance is a key barrier to effective AI integration (Uğur, 2026). 

Furthermore, adoption and perception of AI technologies are also significantly 

influenced by the internal culture of an organization. Research conducted in Saudi 

Arabia and the United Arab Emirates demonstrates how institutional culture, 
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autonomy, and cooperation foster innovation and the uptake of cutting-edge 

technology, including artificial intelligence (Meda et al., 2023; Qahl & Sohaib, 2023).  

Additionally, according to Zhu et al. (2024), the usage of technology in 

educational contexts is greatly influenced by the skills of instructors. Successful 

integration in the context of AI is largely dependent on educators’ capacity to 

critically and successfully integrate AI tools into education (Uğur, 2026). Marchena 

Sekli et al. (2024) emphasized that users often face a learning curve when interacting 

with GenAI tools and highlight the importance of training to improve their ability to 

obtain accurate and meaningful outputs. This suggests that instructor readiness and 

AI-related skills are important factors influencing the successful adoption of GenAI 

in teaching practices. 

Perceived benefits of the technology also impact its adoption and usage. The way that 

AI is viewed in terms of its utility, reliability, and pedagogical value is a predictor of 

student’s usage (Elkefi et al., 2024; Park, 2026). In these studies, students report 

satisfaction as they use AI tools to assist learning. From the viewpoint of instructors, 

if faculty is unsure of how educational technologies support current educational 

techniques, faculty reluctance might be a hurdle (Yu & Motlhabane, 2022). Perceived 

benefits of AI tools could act as a motivation in faculty’s adoption (Marabelli & 

Davidson, 2025). 

Social influence also plays a role in AI adoption (Korchak et al., 2025; Yoo, 2025), 

where people’s attitudes and behaviors are affected by others (Kijsanayotin et al., 

2009). Colleagues can exert big impact on people’s acceptance or resistance to 

organizational policies (Díaz-Rodríguez et al., 2023). Positive social influence within 

institutions forms a supportive environment that emphasizes benefits and willingness 

to adopt new technologies (Wang & Sun, 2016) while negative social influence 

multiples resistance (Chen et al., 2023).  

The literature now in publication urges more investigation into the contextual and 

long-term elements of technology use in higher education. In order to better capture 

the aspects impacting the adoption of cutting-edge technologies like artificial 

intelligence, Nguyen et al. (2022) emphasized the necessity of long-term research to 

comprehend how usage and views of technological adoption change over time. 

Building on this conversation, the next part focuses on artificial intelligence and how 

it is influencing higher education teaching and learning methods. 

2.3 Impact of AI on Teaching and Learning  
Artificial intelligence, particularly generative AI (GenAI), is playing an increasingly 

significant role in the digital transformation of higher education, especially in 

teaching and learning (Cordero et al., 2024; Pham et al., 2023). According to 

UNESCO (2023), GenAI refers to an AI technology that generates entirely new 

content including text, images, videos, music and software code in response to 

prompts entered through natural-language conversational interfaces. Unlike 

traditional tools that retrieve existing information, GenAI produces original outputs 

by analyzing large datasets from webpages and social medias to identify statistical 

patterns and generate content based on those patterns (UNESCO, 2023). In 

educational settings, GenAI offers both opportunities and challenges (Faraon et al., 

2025).  

One of the primary advantages of GenAI is its ability to enhance various educational 

activities. For example, GenAI can generate tailored teaching materials that 
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complement traditional resources (Marchena Sekli et al., 2023; Tarisayi, K. S., 2024). 

It has been widely applied in generating teaching content, supporting skill 

development, assisting with student tasks, evaluating academic performance, 

delivering feedback, and functioning as virtual assistants (chatbots) (Cordero et al., 

2024; Marchena Sekli et al., 2023). Tools like ChatGPT, for instance, assist students 

in tasks such as coding, business planning, digital art creation, report writing, and 

assignment structuring, while also providing automated feedback to refine their work 

(Marchena Sekli et al., 2023). Furthermore, ChatGPT has proven effective in 

clarifying complex concepts, such as those in introductory engineering courses (Pham 

et al., 2023), and has even helped improve teachers' writing skills, thereby 

contributing to professional development and enhancing educational quality (Cordero 

et al., 2024). Additionally, GenAI tools streamline the assessment of open-ended 

assignments, significantly reducing the time and effort required from instructors 

(Cordero et al., 2024; Marchena Sekli et al., 2023). 

Despite these benefits, the integration of GenAI in education raises several concerns 

(Faraon et al., 2025). These include the risks of overdependence, ethical issues, and 

inaccuracies such as ‘hallucinations’ where AI generates non-existent information 

(Marchena Sekli et al., 2023; Pham et al., 2023). Pham et al. (2023) further explore 

these challenges, emphasizing the need for careful integration of AI tools to maintain 

academic integrity. The effectiveness of AI-generated responses may inadvertently 

contribute to academic dishonesty. Moreover, the quality of the results generated by 

tools like ChatGPT is highly dependent on how prompts are framed, highlighting the 

importance of critical evaluation by students (Pham et al., 2023). To address these 

issues, Pham et al. (2023) suggest incorporating reflective journals in student 

submissions, where learners can document their strategies for using AI tools and 

assess the relevance of the generated answers.  
In addition to ethical concerns, there is a need for training on the responsible use of 

AI. Cordero et al. (2024)’s study showed that only 1% of teachers possess advanced 

knowledge of AI use in the classroom, highlighting a substantial gap in AI-related 

professional development. This gap underscores the need for AI-focused training for 

educators.  

Furthermore, the establishment of clear policies and guidelines for AI usage is 

essential to ensure its ethical and effective integration into practice (UNESCO, 2023). 

In their study examining institutional approaches to GenAI, Ullah et al. (2024) 

analyzed publicly available guidelines from HEIs on the use of GenAI tools in HEIs. 

Their findings show that while many universities have begun to formalize GenAI use 

through policies that emphasize instructors’ consent, its appropriate application and 

data privacy issues, significant gaps remain still. For example, few guidelines address 

the need to document prompts and outputs, explain how GenAI systems function nor 

provide mechanisms for reporting misconduct (Ullah et al., 2024). In line with Ullah 

et al. (2024), Cordero et al. (2024) also stress the importance of developing tools to 

detect AI-generated text to prevent unconscious plagiarism. 

Some studies emphasize the need to rethink the professional role of educators in light 

of these technological advancements as well. Bygstad et al. (2022) argued that the 

integration of AI requires a shift in the role of educators, suggesting that institutions 

should move beyond traditional teaching methods and adopt more facilitative 

approaches that leverage digital learning tools. In a similar context, the continuous 
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monitoring and evaluation towards the use of AI is underscored by Faraon et al. 

(2025). 

Recent studies have highlighted the broad applications of GenAI in higher education, 

along with the challenges in ensuring its ethical and effective use. However, limited 

attention has been given to how institutional policies and support structures influence 

educators’ and students’ perceptions of the use of GenAI in teaching and learning. 

Thus, these gaps underscore the need for further research into the experiences of 

various actors within HEIs, particularly in relation to how GenAI tools are integrated 

into teaching and learning and how institutional frameworks shape their use. 
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3. Theoretical framework 
There are a wide variety of theories that can be used in IS research. For example, 

study by Al-Adwan et al. (2022) used the D&M ISS model that investigate how 

service, information quality, and system quality directly influence user satisfaction, 

intention to use, and actual use. Studies by Akram et al. (2021), Nguyen et al. (2022), 

Qahl and Sohaib (2023) used Technological Acceptance Model (TAM) to investigate 

experiences and attitudes towards learning and teaching in the digital age. 

Researchers also use educational theories such as Community of Inquiry Framework 

(Mendoza & Venables, 2023). Articles that focused on technological aspects did not 

adopt any theoretical framework, such as those by Nguyen et al. (2021). Papers that 

emphasized pedagogical practices based on technological tools such as that by Bedin 

et al. (2023), González (2021) and Thompson (2021) mentioned educational-

technological theories such as self-regulated learning, self-efficacy, cognitive theory 

of multimedia learning. Vygotsky’s social constructivism theory is also a popular 

framework that inspects pedagogical approaches that use technology (e.g.: Meda et 

al., 2023). However, these theories examine individual attitudes towards technology, 

which is insufficient for our specific focus on institutional logic in this thesis project. 

We aim to investigate how institutional forces affect the usage of technology rather 

than whether individual stakeholders accept the technology or not. 
We argue that a range of institutional factors, as exemplified in the previous literature, 

shape the adoption of new technology in teaching and learning strategies.  As AI, 

particularly GenAI, has become increasingly embedded in educational practices, it is 

essential to understand the institutional processes that influence its integration. To 

explore these dynamics, this thesis adopts institutional theory as its theoretical 

framework. Institutional theory is among the most well-established and prevalent 

theories used in IS research and it has been used to explore the influence of 

organizational antecedents on organizational practices (Lee et al., 2021). This implies 

that this framework is useful in investigating organizational transformation and 

adoption processes such as in this thesis: adoption of AI in higher education 

institutions. Higher education institutions (HEIs) are sociologically defined 

organizations, shaped by the institutional environments in which they operate (Frank 

& Meyer, 2023; Wolhuter & Langa, 2021). As formalized structures governed by 

enduring norms, rules, and cultural expectations (Lammers & Garcia, 2014), HEIs 

exemplify the type of organizations which institutional theory seeks to explain. 

According to Nguyen et al. (2021), institutional alignment, stakeholder participation, 

organizational architecture, and educational governance are just as important to the 

effective deployment of new systems in higher education as technology design. Their 

results provide credence to the Institutional Theory viewpoint. 

Institutional theory posits that organizations gain legitimacy by conforming to 

established rules, norms, and expectations in its environment because this 

conformation creates homogeneity in structure and practices (Meyer & Rowan, 1977). 

The theory emphasizes the role of language and social interaction of institutions in 

promoting coordinated action toward shared goals (Lammers & Garcia, 2014). 

Institutions, in this context are understood as “constellations of established practices 

guided by enduring, formalized, rational beliefs that transcend particular 

organizations and situations” (Lammers & Garcia, 2014 p.195).  According to Meyer 
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and Rowan (1977), formal structures and procedures are adopted by organizations for 

both efficiency and institutional legitimacy. Therefore, rather than being solely based 

on pedagogical efficacy, the adoption of AI in higher education may be influenced by 

institutional pressures, modernization aspirations, and competitive legitimacy. Their 

concept of ‘decoupling’ is especially pertinent to comprehending circumstances in 

which academic institutions nominally advocate for the technological adoption but 

the real use is restricted or poorly supported. 

Institutions emerge through a process of institutionalization, which begins with the 

establishment of patterned practices across an organizational field. Meyer and  Rowan 

(1977) and DiMaggio and Powell (1983) presented three fundamental concepts that 

shape this process: legitimacy, the rational myth and isomorphism. Legitimacy refers 

to the social acceptance gain by conforming to both formal regulations and informal 

cognitive norms and expectations. In order to convey their legitimacy, organizations 

often adopt rational myths, which refers to widely accepted yet untestable claims 

about an organization’s practices (Meyer & Rowan, 1977). These myths are 

frequently driven by leaders and managers who seek to persuade internal stakeholders 

of the value of such practices (Lammers & Garcia, 2014).  Meyer & Rowan (1977, p. 

356) stated that: “Organizations whose structures become isomorphic with the myths 

of the institutional environment decouple their internal production activities from 

formal structures...”. 
Isomorphism describes the pressures that lead organizations operating within similar 

environments to resemble one another. It is the constraining process shaped by shared 

external conditions, resulting in structural and behavioral similarities across 

institutions (DiMaggio & Powell, 1983; Lammers & Garcia, 2014). In other words, 

this dimension of Institutional theory accounts for the tendency of organizations 

within a sector to develop similar structures and practices. To explain this 

organizational homogeneity, DiMaggio & Powell (1983) categorized isomorphism 

into three processes: coercive, mimetic, and normative (Figure 3). Coercive 

isomorphism arises from external pressures such as law or policies. Mimetic 

isomorphism occurs when institutions imitate others in response to uncertainty. 

Normative isomorphism is shaped by shared professional standards and academic 

culture. This typology is not strictly divided, rather, the types often intermingle, 

driven by overlapping conditions and producing varied outcomes. This interplay 

underscores the interrelated and complex nature of the institutionalization process 

(DiMaggio & Powell, 1983). 

Building on this framework, this study applies the concept of isomorphism to explore 

how HEIs respond to digital transformation and how educators and students use 

GenAI in teaching and learning. For example, policies implemented may function as 

a coercive force, affecting how institutions implement digital tools. Vainionpää et al. 

(2026) stated that regulation shapes organizational AI strategies and actions by 

defining the scope of permissible innovation through requirements, standards, and 

bans, which directly dictates the design, development and use of AI tools. Empirical 

study by Bendig et al. (2022) suggested that information technology leaders affect 

organization’s technology exploration and induce strategic change. Marabelli and 

Davidson (2025) addressed pros and cons of Generative AI and viewed it as providing 

strategic opportunities for organizations. Such factors (leadership support and 

recognized benefits) can be seen as mimetic and normative influences. By adopting 
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Institutional Theory as an analytical lens, this study seeks to identify the key drivers, 

variations, and challenges involved in the integration of digital technologies and the 

use of GenAI in HEIs. 

 

 
 

Figure 3. The theoretical framework of this study: three mechanisms of institutional 

isomorphic processes identified by DiMaggio and Powell (1983) 
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4. Methodology 
4.1 Philosophical tradition 
The pragmatism research methodology used in this study because it stresses the 

utilization of data and procedures that are most useful in answering the research 

objectives (Hall, 2013; Gillespie et al., 2024). As pragmatism puts the research issue 

over strict adherence to a particular research tradition and stresses the practical use of 

research methodology, it is especially appropriate for our thesis because our thesis 

combines primary and secondary data sources to investigate how AI is being used in 

higher education (RQ1) and how institutions affect the adoption of AI in teaching and 

learning (RQ2). According to Creswell and Clark (2007), pragmatism enables 

researchers to use a variety of approaches, worldviews, and presumptions in order to 

effectively solve the research challenge. Thereby, the pragmatic approach allows for 

a variable combination of data sources and analytical viewpoints to better represent 

the complexity of AI transformation in educational environments, as opposed to 

following a single methodological tradition. 

Pragmatism emphasizes practical results and real-world applications of research 

rather than adhering to a single ontological or epistemological stance (Gillespie et al., 

2024), which makes it especially well-suited for studying intricate and dynamic 

phenomena like the incorporation of artificial intelligence in higher education. By 

enabling us to draw from a variety of sources and viewpoints, pragmatism 

methodology helps the analysis of how AI is being incorporated into teaching and 

learning practices (RQ1) and how institutional factors affect educators’ and students’ 

views of using AI (RQ2). 

Pragmatism’s methodological adaptability is one of its main advantages. With this 

method, it is possible to use various data sources, and, where necessary, to integrate 

qualitative and quantitative methods (Gillespie et al., 2024). This is especially 

important when it comes to AI in higher education, where a comprehensive approach 

is needed to comprehend both institutional processes and individual opinions. 

Pragmatism enables a more thorough investigation of how AI tools are used in 

educational contexts and how users interact with them by not limiting the study to a 

single particular approach or kind of data. 

Furthermore, because pragmatism emphasizes usable information and context-

sensitive understanding (Hall, 2013), it is a good fit for research in educational 

environments. AI integration in higher education is a pedagogical and institutional 

process that is influenced by particular settings, regulations, and user interactions in 

addition to being a technical implementation. Therefore, a pragmatic approach allows 

us to take into account both the actual application of AI tools and individuals’ 

perceived influence on education. When analyzing AI change in higher education, 

where institutional strategies, technology systems, and user perceptions are intricately 

linked, this viewpoint is very helpful in capturing how AI technologies are integrated 

into different institutional structures and how they both influence and are influenced 

by the experiences of different educators and students. 

As pragmatism emphasizes methodological pluralism and the complementing 

qualities of various data kinds, it is especially well-suited for mixed-methods research, 

according to Morgan (2016). Thus, our study uses a mixed-methods technique to 

guarantee that methodological decisions are motivated by their value in answering the 
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research questions and producing significant, valuable knowledge. According to 

Creswell and Creswell (2018), mixed-methods research integrates qualitative and 

quantitative data to offer a more thorough comprehension of a study subject. It is 

worth noting that IS discipline has a long history of multi-method research and 

manuscripts submitted to IS-related journals employing multimethod have been rising 

steadily (Sarker et al., 2025). Saker et al. (2025) exemplified a research paper 

regarding AI and human knowledge and stated that these types of topics are difficult 

to address with just one methodological perspective. Therefore, the use of mixed 

methods in this thesis enables both breadth and depth of analysis: primary data 

provides empirical evidence on how AI tools are used and perceived in practice, while 

secondary data and existing literature give theoretical and contextual insights on AI 

integration. The combination strengthens the thesis’s capacity to answer both research 

objectives and fully convey the complexity of AI change in higher education. 

 

4.2 Methodological approach 
This thesis adopts a mixed methodology because the combination of different 

methods does not only contribute to the existing literature but also helps clarify, 

examine, justify, or validate findings (Fraenkel et al., 2022). A more thorough grasp 

of the research topic and triangulation are made possible by the combination of 

approaches. 

Sarker et al. (2025) explained why research in IS discipline increasingly utilize 

multimethod. First, the sociotechnical questions addressed by IS researchers have 

become multidimensional and complex, with different implications for a variety of 

different stakeholders. Second, data for analyses now comes from multiple sources, 

which is also the reason why Sarker et al. (2025) used the term multimethod as IS 

researchers have options to use secondary data sources, texts, images, and even 

synthetic data generated by AI tools. Third, research methods are also changing, with 

possibilities of using computational methods such as natural language processing 

(NLP). Fourth, IS discipline has drawn inspiration and methodologies from a variety 

of disciplines since its establishment and now, is growing even more varied in 

employing numerous research traditions. IS scholars often seek boundary spanning 

with other disciplines, which leads to the recognition and adoption of methods that 

are novel yet becoming more and more valued and practical to the IS field. 

More specifically, Dawadi et al. (2021) listed six reasons for choosing mixed-method 

approaches. First, this method facilitates the expansion of research in terms of depth 

and scope. The benefits of gathering both quantitative and qualitative data aid in 

comprehending a research problem when a researcher wishes to generalize the results 

to a population and create a comprehensive understanding of the significance of a 

phenomenon or concept for individuals. This fits quite well with our scope of study 

when we plan to inspect a global-scale phenomenon for a population of universities 

and caring for individual experience at the same time. In the case of this thesis, 

interviews provided localized contexts, adding to the global surveys. Second, both 

types of study have their own merits and are complimentary. The study topic is 

addressed by using two data sets might lead to a result with more validity and broader 

implications. To put it another way, combining two approaches results in a more 

comprehensive picture and offers a wider range of opposing or complementary 

viewpoints, both of which are beneficial because they not only encourage further 
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thought and deepen our comprehension of a phenomenon but also create new 

opportunities for further research. Third, combining two methods transcends the 

epistemic divide between quantitative and qualitative paradigms and creates a path to 

real knowledge. Fourth, by combining two approaches, the advantages of the 

qualitative techniques balance the disadvantages of the quantitative methods and vice 

versa, leading to the production of more robust results. The fifth reason is data 

triangulation. In mixed-methods research, data triangulation is well recognized as a 

technique for confirming findings from the individual method. Researchers can 

directly compare the results from one approach to those from another to look for 

convergence and/or divergence in order to get a more accurate picture of a study 

subject. In other words, gathering multiple forms of data offers better insights on a 

phenomenon that the approaches individually cannot supply, and consequently, 

generates more valid and stronger judgments than a single method does. The sixth 

rationale is to create more insightful and sophisticated conclusions by utilizing the 

findings from one approach to guide or influence the application of another approach. 

The pragmatic philosophical viewpoint informs the mixed-methods methodology 

used in this thesis, which includes quantitative and qualitative analyses. The 

quantitative technique used in this study is gathering and analyzing participant survey 

responses in order to find patterns and broad applicable trends. As pragmatic 

viewpoint dictates that knowledge is not produced by a rigid epistemological stance 

but rather by the interaction of theory, evidence, and practical results, this viewpoint 

is supported by the utilization of secondary data as an empirical basis for research. 

The secondary data is from the International Association of Universities’ (IAU) 

second global survey on digital transformation., which offers. The quantitative 

analysis of survey results helps to answer the research questions in a useful and goal-

oriented way and makes it easier to extract actionable insights. Descriptive analysis 

and regression analysis are conducted to discover patterns and trends of AI 

transformation in higher education institutions across regions, as well as explore the 

impact of institutional factors on their AI transformation.  

In order to explore meanings, experiences, and perceptions that cannot be fully 

represented by numerical data alone, pragmatism encourages the incorporation of 

qualitative methodologies. Thus, the practical objective of enhancing and elucidating 

the quantitative results to offer a deeper contextual knowledge motivates the use of 

qualitative data in the form of semi-structured interviews. From a pragmatic 

standpoint, qualitative data from interviews is valuable because it can supplement 

quantitative findings by providing contextual depth and insight into the experiences 

of participants. Participants’ interactions with the researcher allow for the 

investigation of many points of view, guaranteeing that several viewpoints are 

recorded and analyzed in connection with the goals of the study. Interview data is 

collected and examined several times to guarantee correctness and reliability. We, as 

the researchers, are able to look at the study topic from several perspectives and relate 

empirical findings to real-world situations by combining data from interviews and 

survey questionnaires.  

Finally, by encouraging methodological flexibility and an emphasis on useful results, 

pragmatism influences the data analysis process. The qualitative data, which includes 

interview transcripts, is subjected to thematic analysis in order to find trends and 

important topics pertaining to the AI transformation of higher education. In order to 
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make sure that themes are rooted in the empirical material while still being pertinent 

to the study goals, this procedure entails repeatedly reviewing and categorizing the 

data. According to Braun and Clarke (2006), pragmatic research may benefit greatly 

from theme analysis as it offers a methodical yet adaptable way to find and analyze 

patterns in qualitative data. 

A dynamic and changing knowledge of the subject is supported by the analysis’s 

iterative structure, which enables new ideas to surface and be incorporated with 

preexisting results. In order to investigate how perspectives on AI transformation may 

vary based on location and experience, attention is paid to disparities between national 

and regional settings as well as changes in participants’ roles, such as educators and 

learners. As a result, the categorization of themes—such as opportunities resulting 

from AI transformation—is determined by how well they relate to the study questions 

and how applicable they are to actual situations. 

Overall, by including several data sources and viewpoints, the pragmatic method 

guarantees that the analysis stays focused on producing significant, useful knowledge. 

A more thorough understanding of the study topic and well-informed conclusions are 

supported by the mix of qualitative and quantitative data. 

 

4.3 Methods for Data Collection 
This study adopts both secondary and primary data sources to develop a 

comprehensive understanding of digital transformation in higher education. 

 

4.3.1 Secondary source of data (Survey) 
Data collection in this research proposal combines both primary and secondary source. 

The secondary source of data is the responses gathered from the International 

Association of Universities (IAU) Global Survey on Digital Transformation. 

According to Smith (2008), the use of secondary data in educational studies helps 

researchers to consolidate findings of existing research or even discover mistakes. 

The survey includes Likert scale questions and open-ended questions. The survey was 

published on the website of European University Association, with a link to fill out 

the survey and a PDF downloadable file. The questionnaire begins with an agreement 

to the terms of data use, which ensures the anonymity and confidentiality of 

participants. The questionnaire includes demographic questions of the institution, and 

three sections asking about digital transformation in teaching & learning, research 

and governance. Participants in the survey are the staff working at higher education 

institutions which are members of the IAU.  

 

4.3.2 Primary source of data (Interviews)   
To complement the secondary data, primary data was collected through semi-

structured interviews with students and faculty members at a Swedish university. 

These interviews focused on individual experiences and perceptions of digital 

transformation in higher education institutions, with particular attention to the 

integration of artificial intelligence (AI) in academic contexts.   

Interviews are a valuable method for gathering rich, detailed insights into participants’ 

beliefs and experiences (Morgan, 2016). Unlike surveys, interviews are not typically 

used to collect numerical data but rather to explore participants’ perspectives in depth 

(Creswell & Creswell, 2018). Interviews can be conducted in various formats, for 
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example face-to-face, by phone, via online platforms such as Zoom or in focus groups. 

Interviews can be structured, unstructured or semi-structured. In this study, semi-

structured interviews were chosen for their flexibility and ability to explore diverse 

viewpoints (Creswell & Creswell, 2018).  

 

4.3.2.1 Designing the interview questions 
Prior to conducting the interviews, the interview protocol developed by Creswell and 

Creswell (2008) was reviewed. This protocol includes six components: (1) basic 

information (e.g., date, time, location, interviewer/interviewees names); (2) 

introduction (e.g., researcher introduction, purpose of the study, informed consent, 

interview structure); (3) opening questions which are not directly related to the 

research but are intended to make the interviewee feel comfortable; (4) content 

questions (aligned with research questions); (5) probes (e.g., “Could you elaborate on 

that?”); and (6) closing instructions (e.g., thanking participants, asking for permission 

for follow-up). In addition to these components, Creswell and Creswell (2018) 

recommend taking notes during the interview -even when audio recordings are made- 

as a precautionary measure to ensure data integrity and completeness. 

The interview questions were designed to explore participants’ awareness, use, and 

perceptions of generative AI tools in higher education, with a particular focus on 

Microsoft Copilot and Scopus AI, which are tools provided by the university where 

the participants are employed or enrolled. The development of the questions was 

guided by the theoretical framework and literature review, specifically the concept of 

isomorphism as introduced by DiMaggio and Powell (1983). This theoretical lens 

emphasizes how organizations respond to pressures and expectations by adopting 

similar structures, practices and technologies. The interview questions aimed to 

uncover how institutional influences- including leadership support, peer influence, 

and perceived legitimacy-shape the adoption and use of AI tools in teaching and 

learning.  In the context of this study, our interview questions asked about university’s 

formal procedures and practices that influence the use of AI, namely institutional 

support and guidelines / training. The interview questions also aim to explore the 

possible pressures that stakeholders face in using AI and how they perceive this 

technology. Answers to these questions would help investigate what kind of forces 

based on institutional theory that influence the adoption of AI tools.  

Not only based on the theoretical framework, but the interview questions were also 

informed by the literature review. The interview question regarding the impact of 

leaders / peers is informed by extant research on leadership as an influencing factor 

on organizational decisions of technological adoption, implementation and usage 

(Bendig et al., 2022; Nguyen et al., 2022; Zhu et al., 2024) and similarly, peer 

influence (Díaz-Rodríguez et al., 2023; Korchak et al., 2025; Kijsanayotin et al., 2009, 

Yoo, 2025). Question on institutional support in the form of training / guideline is in 

line with research by Marchena Sekli et al., (2024), Wang et al., (2024b), Uğur (2026). 

Question on perceived professional changes due to AI tool is based on literature 

review demonstrating that perceived educational changes when using AI tool is a 

motivator affecting its adoption (Elkefi et al., (2024); Marabelli & Davidson, (2025); 

Park, (2026)). 

Separate sets of questions were developed for educators and students to capture both 

teaching and learning perspectives. All questions are provided in Appendix E. 
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4.3.2.2 Sample selection 
With respect to the sample for the qualitative interviews, there is no universally 

agreed-upon number of participants (Bekele & Ago, 2022). The appropriate sample 

size depends on factors such as the study’s purpose, scope, subject matter, sample 

composition, and the quality of the data collected (Bekele & Ago, 2022). For example, 

Morse (1995) recommends a minimum of six participants, while Creswell (1998) 

suggests a range of five to twenty-five for phenomenological studies. 

A widely accepted concept in determining sample size is data saturation - the point at 

which no new information, codes, or themes emerge from additional interviews 

(Vasileiou et al., 2018). To put it simply, more participants do not always guarantee 

new information will emerge. According to Vasileiou et al. (2018), evidence-based 

judgment is essential in assessing adequacy, and small sample sizes are not inherently 

a limitation when the data collected is rich and meaningful.  

Due to the limited scope of this thesis, ten participants were selected through 

convenience sampling: five university educators (one male and four female) and five 

students (one male and four female) enrolled in courses at a Swedish university.  

 

4.3.2.3 Data collection procedure 
Participants were contacted via their university email accounts and Moodle, the 

learning platform used by the interview participants. Each received an invitation 

containing an overview of the study and a formal consent form (Appendix E). The 

form outlined the study’s purpose, interview format, data handling procedures, and 

participants’ rights, including the option to withdraw at any time. All interviews were 

conducted via Zoom between April 14 and June 25. Each interview lasted between 

20 and 40 minutes. Audio recordings were made with participants’ consent, and 

aliases were used in the transcripts to ensure anonymity and confidentiality. 

 

4.4 Methods for Data Analysis  
Following the mixed-method approach, the thesis employs both quantitative and 

qualitative approaches to analysis of data. The quantitative approach involves 

quantitative analysis, which requires statistics. In order to assist the understanding of 

numerical data taken from a sample, statistics will always evaluate variables 

(Kotronoulas et al., 2023). Here, the unprocessed data or numbers become proof or 

results. There are two statistical functions. The first is descriptive statistics. In order 

to demonstrate what is typical for the sample, descriptive statistics produce 

summaries of the variables in a data set (Kotronoulas et al., 2023). The second is 

inferential statistics. Investigating relationships between variables and drawing 

conclusions are facilitated by inferential statistics (Kotronoulas et al., 2023). Mixed-

method analyses in this thesis enable us to explore AI practices at universities, 

gradually from an overview snapshot to a more detailed lens through the stories of AI 

users. Data analyses would unveil the phenomenon of AI transformation in higher 

education layer by layer, starting from reporting universities’ AI approaches, to 

identifying possible coercive, mimetic and normative factors underlying those 

approaches, to inspecting the mechanisms of those factors.  
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4.4.1 Descriptive analysis  
Descriptive analysis in this thesis is expected to show an overview picture of 

institutional behavior in relation to AI implementation at universities. We are 

expected to see how AI is regulated and implemented.  

Descriptive analysis includes statistics of survey responses. The purpose of 

descriptive analysis is to describe and summarize data (Cooksey, 2020; Kotronoulas 

et al., 2023). Descriptive analysis is used because it is too challenging for the human 

brain to extract or recognize the essence, patterns, or trends present in large sample 

of data, we seldom analyze individual data points or observations; instead, we employ 

methods and metrics that give a broad picture of the behavior of the data (Cooksey, 

2020). In describing the data, graphical representations of data and computation of a 

number is performed with the purpose of summarizing a specific characteristic of the 

data (Cooksey, 2020). This thesis uses graphs prepared in Excel based on survey data.  

 

4.4.2 Regression analysis  
Regression analysis in this thesis goes into more details from the snapshot provided 

by the descriptive analysis. Regression analysis explores the relationship between 

institution behavior regarding AI and other factors, which assists the understanding 

of what could impact institutions behave the way it does.  

Among the inferential statistics, regression analysis is employed in this thesis to 

examine the connection between variables. In performing this analysis, the 

researchers aim to determine the causal relationship between two variables. In order 

to investigate such questions, the researcher gathers information on the relevant 

underlying factors and uses regression to calculate the quantitative impact of the 

causative variables on the variable they affect (Sykes, 1993). Additionally, the 

investigator usually evaluates the estimated associations' "statistical significance," or 

the degree of confidence that the genuine relationship is near the estimated 

relationship (Sykes, 1993). Regression analysis is done using IBM SPSS software. 

The full name of SPSS is Statistical Package for Social Science, a software that makes 

it easy to compile, analyze data, and perform many statistical analyses (Kafle, 2019). 

 

4.4.3 Thematic analysis 
In terms of qualitative approach, thematic analysis is chosen in this thesis because it 

is among the most used methods and provides an organized yet adaptable framework 

for finding, examining, and deciphering meaningful patterns in datasets (Ahmed et 

al., 2025). Thematic analysis helps cross-check the findings of regression analysis, 

extending beyond numerical data by having dialogue with real AI users within the 

institution and interpreting their narratives to explore how institutions behave when 

it comes to AI practices. 

Thematic analysis is a highly adaptable method that can be tailored to the 

requirements of different investigations due to its theoretical flexibility, offering a 

complicated yet comprehensive description of the data (King, 2004). Thematic 

analysis provides a more approachable kind of analysis since it does not need the in-

depth theoretical and technological understanding of other qualitative techniques, 

especially for individuals just starting out in their research careers (Braun & Clarke, 

2006). Because there aren't many guidelines or steps involved, thematic analysis is 

very simple to learn and apply, and easy for researchers who aren't very experienced 
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with qualitative methodologies (Braun & Clarke, 2006; King, 2004). Thematic 

analysis particularly is suitable for this thesis because it is also a helpful technique for 

analyzing the viewpoints of various study participants, emphasizing parallels and 

discrepancies, and producing unexpected findings (Braun & Clarke, 2006; King, 

2004). Since thematic analysis compels the researcher to handle data in a systematic 

manner, which aids in the creation of an understandable and well-structured final 

report, it is also helpful for summarizing important aspects of a huge data set (Braun 

& Clarke, 2006; King, 2004). 

 

4.4.3.1 Interview 
To analyze the qualitative data collected through interviews, Braun and Clarke’s 

(2006) six-phase approach to thematic analysis was applied. This method was 

appropriate for identifying, analyzing, and reporting patterns (themes) within the data, 

offering a flexible yet systematic framework for exploring participants’ perspectives. 

Given that the use of AI tools in higher education is among the areas explored in this 

study, the AI-based platform Avidnote.com was trialed for transcribing interview data. 

This tool was selected for its reported efficiency and to assess the accuracy of AI-

generated transcripts within the context of qualitative research. While the 

transcription output was helpful for generating initial drafts and facilitating early-

stage analysis, it required substantial manual correction before it could be used for 

rigorous thematic coding. Importantly, the selected tool does not store uploaded data, 

thereby ensuring participant confidentiality. 

Subsequently, all transcripts were carefully reviewed and manually corrected by the 

author to ensure accuracy and to support the first phase of Braun and Clarke’s (2006) 

thematic analysis: familiarization with the data. This phase involved repeated reading 

of the transcripts to develop a deep understanding of the content and begin identifying 

initial ideas. In the second phase, initial codes were generated by systematically 

identifying and labeling key features of the data relevant to the research questions. In 

this process, the qualitative data analysis tool Taguette (https://www.taguette.org/) 

was used to facilitate the coding process. These codes were then organized and 

collated across the dataset. During the third phase, the codes were examined and 

grouped into potential themes that captured meaningful patterns in the data. The 

fourth phase involved reviewing and refining these themes to ensure internal 

coherence and clear distinctions between them. In the fifth phase, the themes were 

clearly defined and named, forming a coherent narrative that guided the final analysis. 

According to Saldaña (2021), it is inevitable that the researchers would come up with 

a theme or two when the transcripts (of the participants’ answers) are read carefully.  

Finally, in the sixth phase, a detailed report was produced in which the themes were 

interpreted and connected to the research questions and relevant literature. This final 

interpretive analysis is included in Chapter 5: Empirical Findings and Chapter 6: 

Discussion. 

 

4.5 Reliability, validity 
The survey questions were developed by IAU concerning the digital transformation 

of higher education institutions worldwide. Questions in the survey are used to 

provide quantitative analysis which includes descriptive analysis and regression 

analysis. For regression analysis, validity of the questions was considered using 
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Cronbach’s alpha value. Hair et al. (2018) dictated that the threshold value for this 

value should be between .6 and .95. Regarding interview questions, the questions 

were developed based on literature review and supervisors’ feedback.  

 

4.6 Ethical Considerations 
Firstly, regarding the secondary source of data, the web page that contains the 

questionnaire includes detailed information about the motivation and purpose of the 

research; contents of the survey; identity of the responsible authorship institution. 

Anonymity and confidentiality are guaranteed, which means that the identity of 

respondents will not be identified from their answers.  

Secondly, regarding the primary source of data, the thesis adhered to Oliver's (2010) 

guide's guidelines for research ethics in conducting the interview. First, in accordance 

with guidelines supplied by the institution to which the thesis belongs, ethical 

considerations were reviewed with the supervisor before conducting the interviews. 

Second, participants received an email with an informed consent form outlining the 

goal of the study, guaranteeing their privacy, confidentiality, and data security, as 

well as their rights, and requesting their voluntary participation without any kind of 

payment. This step was taken to make sure that participants willingly consent to 

participate in the study without being coerced and that they are fully informed about 

its nature, purpose, and potential effects. In order to allow individuals enough time to 

decide and reply, invitations were sent by email (Oliver, 2010). Thirdly, participants' 

privacy must be safeguarded by maintaining the confidentiality of their data (Oliver, 

2010). When conducting the interview and drafting the thesis, their names were kept 

anonymous. The private information of participants is kept private and safe. Fourth, 

participants must be treated with dignity and respect, which entails being aware of 

their needs (Oliver, 2010). Participants may feel anxious when interviews are 

recorded, thus appropriate measures should be adopted (Oliver, 2010). Participants 

were notified via email that the interviews would be audio recorded and that they 

might end the session or withdraw from the study at any time. Fifth, the study process 

must be made transparent (Oliver, 2010). The interviewer was the only person with 

access to the participants' data, and they were told how their contribution would be 

utilized. Lastly, volunteers should not be harmed (Oliver, 2010). This covers both the 

research procedure and the psychological and emotional effects of the interview 

questions. Participants did not feel uneasy when asked to share their opinions and 

actions related to the usage of AI technologies in the interview questions. Participants 

actually said they were grateful to be interviewed because it gave them the 

opportunity to reflect on their experiences in the usage of AI tools. 
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5. Empirical Findings 
5.1 Findings from the global survey (secondary data)  
5.1.1 Demographic of participants  
Calculations and visualizations demonstrating participant demographics were done 

on Excel. 100% of participants agreed to the term of uses when participating in the 

survey that said the data collected will be used for research, presentations, and 

publications and not for commercial purposes.  Figure 4 shows the percentage of 

participating universities worldwide. Participants from Europe account for most of 

the total respondents (36%), followed by Asia & Pacific region. North America (7%) 

and Middle East (9%) take up the least proportion.   

 

Figure 4. Participants by region  
 

Figure 5 below summarizes the number of participants by type of public and private 

institutions. The total number of public institutions is a little higher than that of private 

institutions, 55.58% and 44.42% respectively. This is probably due to the much higher 

number of public institutions in Europe and Asia, while the number of private 

institutions is either equal or larger in the other regions.  
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Figure 5. Participants by type of institutions  
 

5.1.2 Descriptive analysis 
Descriptive analysis of responses was conducted using Excel to understand AI 

strategies across universities. Descriptive analysis visualizes AI practices of 

participant universities, which gives us an overview picture of institutional 

approaches to AI. 

Statistics in Figure 6 show that institutional strategy regarding AI is emerging but not 

yet universal when only 40% of institutions have issued formal guidelines on 

generative AI, the majority are still in the discussing process.  

  

 
Figure 6. Guidelines on generative AI 
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Governance and organizational responses are still developing as according to Figure 

7, only 36% of surveyed institutions have formed institutional committees on 

generative AI implications. An additional 33% are in discussion, showing momentum 

toward structured oversight. However, 30% have no such committee, suggesting 

uneven progress in governance frameworks. 

 

 
Figure 7. Committee set-up on AI 

 

In addition to the mostly unformed organizational committee, decentralization of 

policy is limited as Figure 8 shows that only 30% of institutions have decentralized 

policies to faculties or schools. 41% have not, and 31% are still discussing, indicating 

a tendency toward central control or a lack of clarity in policy delegation. 
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Figure 8. Decentralized policies on AI  

 

Figure 9 below demonstrates that teaching and assessment are being reshaped as 

44% of universities report that generative AI has impacted assessments and exams, 

showing a significant pedagogical shift. 

 

 
Figure 9. Impact of AI on assessments 

 

More specifically, statistics in Figure 10 show that 51% of staff use AI for creating 

teaching and learning materials, including syllabi - suggesting growing adoption for 

curriculum design. 16% use AI to grade assessments, while 59% do not. 
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Figure 10. Use of AI in development of study plans 

Figure 11 reflects that student engagement and education on AI seems a priority as 

66% of institutions inform students about how they can/can’t use generative AI. 

54% have begun teaching students about the potential and limitations of AI across 

disciplines. 56% allow students to use AI in learning, which may signify broad, 

though still cautious, encouragement of AI literacy. 

 
Figure 11. Education on AI 

As expected, ethical concerns are front and center. Statistics in Figure 12 show that 

53% have reinforced academic integrity principles in response to AI. 

42% are concerned with representation and data issues in generative AI. 

38% explicitly view AI as a threat to academic integrity, while 35% are still 

deliberating. 
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Figure 12. Reinforcement of academic and ethical integrity 

Overall, these figures reveal that AI are being used quite extensively by educators and 

learners in higher education. Institutions show acceptance of this technology but at 

the same time, a strong awareness of ethical risks, though institutions are still 

navigating how to mitigate them effectively by having certain actions of establishing 

authorities, guidelines and education for teachers and students. 

5.1.3 Regression analysis  

While the description analysis provides an overview picture of how higher education 

institutions approach AI implementation, regression analysis goes into detail to 

explore the relationship between institutional AI practices and potential influencing 

factors.  

We used SPSS Version 25.0 (IBM Corp., Armonk, NY, USA) to explore the 

relationship among variables: institutional changes, AI transformation, digital 

transformation, student demand, positive impact, and concern. The variables are 

measured on the Likert scale (1 to5). The questions for each variable are sampled 

below:  

Variable Questions 

AI 

Transformation 

(Dependent 

variable)  

Has the institution issued institutional guidelines on the use of 

generative AI?  

Has the institution set up a committee to consider the implications 

of generative AI on the operations of the institution?  

Student 

Demand 

(Independent)  

Are students seeking more flexibility in their education in terms of 

delivery mode?  

Are students seeking different forms of content and skills as part of 

the study experience?  

Positive 

Impact  

(Independent) 

The use of digital tools has led to a decrease in expenditure for 

human resources as certain services digital tools have replaced 

certain functions previously carried out by staff  
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The institution receives public funding to support the development 

of infrastructure  

Negative 

impact  

(Independent) 

The use of digital tools has led to an increase expenditure for the 

institution  

The increased reliance on digital tools has led to exacerbation of 

inequalities among students  

Concern  

(Independent) 

Cybersecurity and upholding a safe IT infrastructure for staff and 

students  

Data protection and privacy policies  

Table 1. Measurement instruments  
 

Internal consistency reliability of the instruments (the questions) is evaluated using 

Cronbach’s alpha. Hair et al. (2018) dictated that the threshold value for this value 

should be between .6 and .95. The Cronbach’s alpha value was 0.893, which 

confirmed the reliability of all the measurements. Regression analysis was run to 

discover the influence of student demand, positive impact of digital transformation, 

negative impact of digital transformation, and concern on AI transformation. Table 2 

below shows that: with p-value (.sig) = 0.045 < 0.05, these independent variables 

significantly predict AI transformation. However, adjusted R-squared is only 0.013, 

which indicates that the model has a very low level of prediction and indicates that 

only 1.3% of changes in the dependent variable (AI transformation) can be explained 

by the independent variables (student demand, positive impact, negative impact, 

concern).    

Table 2. Level of prediction for AI transformation 
 
Details of the impact of each factor on AI transformation are shown in Table 3 below.  

Table 3. Coefficients of independent variables on AI transformation 

 

Although the overall model shows marginal statistical significance, the extremely low 

adjusted R-squared and the lack of individual predictor significance indicate that these 

independent variables (student demand, perceived impact of digital transformation, 

concerns) account for very little of the variance in universities’ AI implementation, 

qualitative analysis would help explore other factors based on interviews with key 

stakeholders in universities who directly involve in teaching and learning practices: 
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teachers and students. Perspectives of these key stakeholders would help us 

understand both how they are influenced to use AI tools and potential influencing 

factors besides those examined in quantitative analysis.  

 

5.2  Findings from the interviews (primary data) 
This section presents findings from qualitative data collected through semi-structured 

interviews with five educators and five students, aiming to explore individual 

experiences and perceptions regarding the use of generative AI in teaching and 

learning in higher education institutions. The interview questions were framed within 

institutional theory, with particular attention to the concept of isomorphism 

(DiMaggio & Powell, 1983), which explains how organizational structures and 

practices converge under external pressures, professional norms, and mimetic 

influences. 

The educator participants represented a range of academic roles and disciplinary 

backgrounds. Among them were a postdoctoral researcher in digital humanities and 

a doctoral candidate focusing on AI literacy in teacher education. The remaining 

educators included associate and senior lecturers working in fields such as 

comparative literature, informatics, and e-health sciences. The student participants 

were enrolled in a master’s degree program in information systems and came from 

diverse academic and professional backgrounds, including data science, linguistics, 

health sciences, and creative disciplines such as design and photography. Their 

familiarity with generative AI tools varied. Some were early adopters of GenAI such 

as ChatGPT and DeepSeek, while others had limited exposure to those tools. 

The analysis identified five overarching themes shared by both educators and students: 

(1) communication support, (2) pedagogical change, (3) ethical concerns, (4) 

institutional influence, and (5) structured guidance as illustrated in Figure 13 below. 
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Figure 13. Thematic Map of Interview Analysis 

Perceptions of Educators and Students Regarding the Influence of AI Tools  

on Teaching and Learning in HEIs 

 

While these themes were common across the two groups, their emphasis and 

interpretation varied in certain respects and aligned in others. The following sections 

present these findings separately for educators (Section 4.2.1) and students (Section 

4.2.2), highlighting both convergences and divergences in their perceptions. 
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5.2.1 Perceptions of Educators 
This section presents educators’ perspectives on the integration of generative AI in 

higher education, as identified through semi-structured interviews. As mentioned 

earlier, five key themes emerged from the data: communication support, pedagogical 

change, ethical concerns, institutional influence, and structured guidance. 
 

5.2.1.1 Communication Support 
Educators most commonly described AI as a tool for improving clarity and efficiency 

in academic communication. Several participants noted using AI for grammar 

refinement, rephrasing, and summarizing ideas. As one participant explained, “I use 

chatbots for summarizing ideas, grammar checks, and administrative work like email 

summaries (Educator 1)”. Another added, “I often use it to speed up email writing 

and to clarify my academic English (Educator 2)”. For some, this extended to 

research writing: “When I want my abstract really good, I ask Copilot to brush it up 

(Educator 4)”. 

 

5.2.1.2 Pedagogical Change 
Educators acknowledged that AI necessitates rethinking traditional assessment 

strategies. Written exams and short essays were seen as increasingly vulnerable to 

automation. One participant reflected, “You cannot demand a short essay or home-

take exam in the same way… You have to be more complex and have multiple 

examination strategies (Educator 2)”. Another participant described experimenting 

with oral assessments and critical evaluation tasks: “We are rethinking how 

assignments are framed… introducing more oral exams (Educator 3)”. Another 

participant even integrated AI into the students’ learning process: “I asked ChatGPT 

the question I was going to ask my students and had them assess the answer (Educator 

4)”. 

 

5.2.1.3 Ethical Concerns  
Despite recognizing AI’s utility, educators expressed caution regarding 

misinformation, data privacy, and overreliance. Concerns about hallucinations were 

common: “The problem… is hallucination; the remaining 10–15% can be dangerous 

(Educator 1)”. Others worried about data security and its accuracy: “I feel 

uncomfortable uploading my whole article… I’m not sure about safety (Educator 4)” 

and “I use it rarely, and even when I use it, I double and triple check… I don’t fully 

trust it without me being in the end checking and validating and see that things are 

actually how I want them to be (Educator 3)”. 

 

5.2.1.4 Institutional Influence 
Institutional endorsement played a significant role in shaping educators’ attitudes 

toward AI. Access provided by the university was widely interpreted as a sign of 

legitimacy. For example, “It feels more accepted and legitimate because it’s provided 

by my employer (Educator 2)” and “I think it absolutely does give more, make it more 

legitimate (Educator 4)”. Another participant also noted, “The university provides 

access… that means they support its usage (Educator 1)”. This institutional signal 

also influenced classroom policies as mentioned by one participant “Since the 
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university provides it… teachers can no longer tell students they cannot use it at all… 

but we can still decide how to use it in examinations (Educator 4)”. 

It is worth noting that all teachers have used Copilot but none have used Scopus AI 

despite most of them are aware of this tool and of institutional access to Scopus AI. 

And only one reported that he “did not know about Scopus AI” before the interview.  

 

5.2.1.5 Structured Guidance 
A recurring theme was the absence of structured training and clear guidelines. Several 

participants expressed uncertainty about best practices: “We need guidelines, we need 

ethics, we need policies, we need measures. (Educator 1)” and “I haven’t received 

any training or guidelines on how to use it (Educator 3)”. Others pointed to confusion 

about accessing available resources: “There’s confusion about where to find 

guidelines (Educator 5)”. At the same time, educators highlighted the value of 

collegial exchange: “There have been events where we can share ideas… even though 

we don’t conclude anything specific, it’s good to get different perspectives…. our 

department even planned a collaborative course on generative AI for both staff and 

students…. This course would generate different aspects of AI by users and I really 

look forward to having that soon (Educator 5)." 

 

5.2.2 Perceptions of Students 
The five themes identified in educators’ perspectives also appeared in those of 

students, with variations in emphasis and framing. Students particularly underscored 

AI’s potential as a personalized learning aid while raising concerns about academic 

integrity, misinformation, and insufficient guidance. 

 

5.2.2.1 Communication Support 
Like educators, students frequently described using AI to improve grammar, rephrase 

sentences, and enhance clarity in their writing. One participant explained, “The 

generative AI helps me improve the grammar or polish the language, which helps my 

work be more efficient (Student 2)”. Another noted, “I use it to get a suitable way to 

write this in my text… but I still try to put it in my own words (Student 4)”. For many, 

AI served as a quick solution for language refinement: “The most common use was 

maybe to check if I made any grammatical errors or if something was clear (Student 

5)” and “You can just copy and paste your paragraph and say ‘can you rephrase this 

sentence?’ (Student 4)”. 

Nevertheless, there are also technical problems with the tool that the students raised. 

Student 3 reported that they did not want to use Scopus AI and that it is an “annoying” 

tool: “It suggests some articles that are not relevant, so sometimes it is a waste of 

time”.   

 

5.2.2.2 Pedagogical Change 
Unlike educators, who focused on assessment redesign, students emphasized AI’s 

role as a personalized tutor and brainstorming partner. One student reflected, 

“Studying now feels like I have a personal tutor… the process feels more meaningful 

(Student 1)”. Others described using AI to structure essays and clarify concepts: “It 

helps me brainstorm and structure my essays… saves me a lot of time (Student 2)” 

and “I created a book for myself… ChatGPT gives very good, clear definitions 
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(Student 3)”. For some, AI was a source of inspiration: “It gives you tons of ideas… 

it has really helped in academic work (Student 4)”. 

 

5.2.2.3 Ethical Concerns 
Students were aware of AI’s limitations, particularly its tendency to fabricate 

references and provide inaccurate information. As one participant warned, “ChatGPT 

gives completely wrong references… it actually creates new, fake things (Student 3)”. 

Another added, “It gives you some sort of false confidence… sometimes it makes up 

stuff (Student 5)”. Another participant stressed the need for verification: “You need to 

check… you can’t rely on it” (Student 5)”. Beyond accuracy, one participant 

expressed environmental concerns: “I’m very aware of how much power the 

generative tools use… it just makes me feel a little bit bad (Student 5)”. 

 

5.2.2.4 Institutional Influence 
Students’ adoption of AI tools was strongly shaped by institutional signals and peer 

norms. University-provided access helped alleviate concerns about potential 

misconduct, as one student noted: “It makes me feel easier… we don’t have to worry 

about being treated as cheating (Student 2)”. The behavior of instructors also 

influenced student usage: “Some professors are using it themselves… it’s not 

discouraged, just needs to be used responsibly” (Student 3). However, ambiguity 

remained. As another student reflected: “Actually I felt that sometimes it was 

discouraged. Or if it was encouraged, it was never really transparent… it just became 

like anything else—when you have a teacher, you kind of have to make them happy 

(Student 5)”.  

However, it is not always that participants are aware of institutional introduction of 

the tool. For example, Student 1 claimed to only know about Microsoft Copilot and 

not Scopus AI: “I am not sure when exactly the Scopus AI was introduced.” Student 

2 also reported that: “I am aware that the university provides access to Microsoft 

Copilot, and I’ve used it before. But I didn’t know it provides access to Scopus AI.” 

Student 4 shared the same sentiment that she “never knew” that the university 

provided access to AI tools.  

Peer influence was equally significant. One participant shared: “I noticed that many 

students around me are using AI… sometimes I feel a bit influenced to use them too, 

just to keep up (Student 2)”. Another recalled the first exposure to AI tools, “The first 

time I heard about the AI tool was from my friends… they told me, ‘If you haven’t 

used ChatGPT till now, you have to start immediately because otherwise you will be 

left behind’ (Student 3)”. 

 

5.2.2.5 Structured Guidance 
Students consistently reported a lack of formal training and expressed a strong desire 

for structured education on AI use. One participant remarked “There should be like 

an awareness for students on how to use this tool (Student 4)”, while another added, 

“It would have been nice… not just superficial, but practical education (Student 5)”. 

A suggestion for a dedicated course led by external experts was also raised: “I’m 

assuming none of my teachers are experts on this. So maybe it would have been nice 

if someone external that focuses on AI guide us (Student 5)”. Another participant 

reflected on the absence of early support: “I figured out a lot by myself… maybe 
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workshops would have helped during my first year (Student 1)”. However, although 

a few students felt confident using AI tools without formal training, the overall 

sentiment pointed to a clear need for structured, practical guidance to support 

responsible and effective use.  

The empirical findings for interviews illustrate the perceptions of educators and 

students in a higher education institution. Both groups primarily use GenAI for 

communication support, such as English grammar correction and rephrasing, 

although educators also leverage it for research and administrative-related tasks. 

Interestingly, although the university where the interview participants based provides 

access to two AI tools; Microsoft’s Copilot and Scopus AI, none of participants had 

used Scopus AI, their experience was limited to Copilot. Pedagogical shifts are 

evident. Educators are rethinking assessment strategies to counter automation, while 

students view AI as a personalized tutor and brainstorming partner. Ethical concerns, 

including misinformation, data privacy, and overreliance, are shared across both 

groups, though students also raise environmental issues. Institutional influence plays 

a legitimizing role, with university-provided access shaping attitudes and classroom 

norms. However, a lack of structured guidance persists, with both educators and 

students calling for clearer policies, training, and support. These findings suggest that 

while AI is becoming embedded in academic practice, its integration remains uneven 

and often informal, highlighting the need for more intentional institutional strategies. 

Although the interview guide included questions about both Microsoft Copilot and 

Scopus AI, participants’ experiences were almost exclusively limited to Microsoft 

Copilot. While teachers are aware of Scopus AI and of the institutional access to the 

tool, students reported that they had not heard of Scopus AI, were unsure whether it 

had been introduced by the university or perceived its functionality as insufficient for 

their needs. This indicates that Scopus AI had not achieved meaningful adoption 

among the participants. 

From an institutional theory perspective, this suggests that institutional influence 

extends beyond endorsing AI in general to shaping the visibility and legitimacy of 

specific AI tools. While Microsoft Copilot appeared to have become the 

institutionally recognized and commonly used AI application, Scopus AI had not 

reached the same level of awareness or acceptance. The limited uptake of Scopus AI 

highlights how institutional communication, visibility, and perceived usefulness 

influence which AI technologies become embedded in educational practice. 

Importantly, beyond the common factors examined in quantitative analysis, a factor 

emerged from interviews – peer influence, as both educators and students highlighted 

the role of their peers in affecting their usage of AI. Educators emphasized that they 

would appreciate the opportunities to explore AI tools with their colleagues and 

believed that collaborative discussions would help them understand more about the 

tool and how to use it most effectively. Meanwhile, the role of peer influence seems 

to be more significant to students. Several reported that they started using the tool 

after seeing other students use it. School leaders did not merge as an influencing actor 

at all as no interviewees mentioned leader as someone influencing their adoption and 

use of AI. 

A more detailed discussion of these findings in relation to existing literature and 

institutional theory follows in the next chapter. 
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6. Discussion 
6.1 Insights from Quantitative Analysis  
Generally, survey results show that higher education institutions are clearly in a 

transition phase with generative AI. Proactive engagement is common, with most 

institutions at least discussing key policies and practices. Use of AI in content creation 

is growing, while use in grading remains limited. Student-facing policies and 

educational initiatives are being prioritized, indicating a commitment to responsible 

adoption. There is widespread ethical concern and caution, with many institutions 

reinforcing academic integrity and forming strategic responses. Survey results 

indicated that almost all institutions recognize the need to address AI integration, even 

if many are still formulating responses. Survey results demonstrated that most 

institutions have policies and regulations regarding the use of AI, many have 

established committees on AI usage and centralized control of AI usage. This finding 

suggests that universities worldwide have shown evidence of leadership in integrating 

AI at their institutions, which aligns with evidence in literature review where Bendig 

et al., (2022), Nguyen et al., (2022), Zhu et al. (2024), Vainionpää et al. (2026) 

suggested that AI adoption is encouraged, directed, and fostered by strong leadership. 

And that leadership determines the institution's framing of AI, which in turn affects 

how educators and students view its role in teaching and learning. 

Specifically, according to descriptive analysis, universities in North America region 

reported the highest numbers in terms of having guidelines and committees for AI 

usage. This reflects the competitive nature characterized this region, which compels 

the universities to be fast and quick to adapt to changes in the external environment 

and student demand - which is statistically confirmed as exerting the most influence 

on HEIs’ AI transformation in this thesis. Competitive nature is the norm in American 

higher education where students compete for their spots and universities compete for 

students and resources (Pavlov & Katsamakas, 2023). North American universities 

are also the only ones reporting affirmative when being asked if decentralization of 

AI is allowed, indicating the liberty characterized in their education system. On the 

contrary, most European and Latin American did not allow decentralization of AI yet. 

This may be explained by the fact that higher education in Latin American has been 

long criticized for its obsolete pedagogy and curricula, resistance to changes, as well 

as rigid and bureaucratic systems (Fischman & Ott, 2018). From the European 

perspectives, European countries are well-known for their strong emphasis on 

sustainability while the use of AI has been met with criticism regarding energy usage 

and erosive academic integrity; thus, it is not surprising when universities in this 

region shows caution regarding unregulated use of AI. This finding aligns with the 

literature review in showing that adoption and perception of AI technologies are also 

significantly influenced by the internal culture of the organization (Meda et al., 2023; 

Qahl & Sohaib, 2023). 

The quantitative analysis did not identify statistically significant relationships 

between student demand, perceived positive and negative impacts of AI 

transformation, institutional concerns, and the extent of AI transformation. This 

contrasts with previous studies (e.g., Elkefi et al., 2024; Marabelli & Davidson, 2025; 

Park, 2026), which found that perceived benefits and concerns influence AI adoption. 

One possible explanation is that institutional AI transformation is shaped by a broader 
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set of organizational factors than those specific survey items. Research by Oberländer 

et al. (2025) discussed how digital ecosystems affect digital transformation and 

explicitly characterized digital transformation as a complex, multi-level phenomenon 

and argued that its impetus and effects extend beyond organizational boundaries. 

They discuss interactions across individuals, organizations, and higher-level networks 

and caution against drawing incomplete conclusions from analyses restricted to a 

single level. Even though this thesis is on AI transformation, we could derive from 

Oberländer et al. (2025)’s idea to claim that individual survey perceptions may not 

adequately explain a transformation that is driven by broader 

organizational/ecosystem forces. Research by Nguyen and Pan (2024) discussed 

institutional theory and describes coercive pressures from regulatory bodies, 

alongside mimetic and normative pressures to explain that organizations respond to 

these external pressures in ways that can involve substantial changes to their 

operations and organizational form. Therefore, in explanation for the limited 

predictive model of our regression model, organizational- and ecosystem-level 

conditions, as well as external coercive pressures may likewise exert an important 

influence on organizational transformation, potentially reducing the explanatory 

power of individual-level survey measures. Besides, a mismatch between the level at 

which the predictors are measured and the level at which institutional transformation 

occurs can also explain the weak predictive power of the regression model. This 

describes our thesis’ situation: the predictors are survey items which are measured by 

individual perspective, while our dependent variable (AI transformation) is 

institutional-level behavior. Prior IS research emphasizes that organizational-level 

decisions and conditions can shape antecedents observed at project and individual 

levels, suggesting that single-level analyses may provide an incomplete account of IS 

implementation outcomes (Aubert et al., 2008). 

6.2 Qualitative insights from interviews 
The interview findings indicate that both educators and students perceive generative 

AI as a valuable tool for enhancing various aspects of teaching and learning in higher 

education. Their experiences converge around five key themes: communication 

support, pedagogical change, ethical concerns, institutional influence, and structured 

guidance. While these themes are shared, the emphasis and interpretation vary 

between the two groups, reflecting differences in roles, expectations, and institutional 

positioning. Each theme is discussed in relation to existing literature and institutional 

theory. 

 

6.2.1 Communication Support 
The interview findings show that both educators and students commonly used GenAI 

to improve grammar and clarity in academic communication. Educators emphasized 

its utility in refining research writing and administrative tasks, while students 

highlighted its role in improving English grammar and rephrasing sentences. These 

findings align with Cordero et al. (2024) and Pham et al. (2023), who note that Gen 

AI tools support writing and concept learning process. 

From the institutional theory perspective, this convergence reflects mimetic 

isomorphism, where individuals adopt similar practices in response to perceived 

effectiveness and peer behavior. Some interview participants were introduced to Gen 

AI by colleagues or classmates. This can be further expanded to the normative process 



 

 

 

 

 

 

 

 

Page 37 (59) 

 

and the normalization of AI for language support suggests a shift in academic 

communication norms, potentially reshaping expectations around writing quality and 

productivity. 

However, overreliance on AI for communication also raises questions about academic 

authenticity. While educators appear more confident in integrating AI into 

professional tasks, students remain cautious and uncertain. This tension underscores 

the need for clear guidelines on acceptable use as discussed in Ullah et al. (2024). 

 

6.2.2 Pedagogical Change 
Educators and students interpreted pedagogical change differently. Educators focused 

on assessment redesign through experiments with oral exams and critical evaluation 

tasks to counter AI’s influence on written assignments. Students, on the other hand, 

viewed AI as a personalized tutor, aiding in brainstorming, structuring essays, and 

clarifying concepts. This divergence reflects the dual impact of GenAI: it challenges 

traditional pedagogical models while simultaneously offering new teaching and 

learning opportunities. The literature supports this duality. Bygstad et al. (2022) and 

Marchena Sekli et al. (2023) argue that AI necessitates a shift from traditional 

teaching to facilitative learning, where educators guide students in navigating GenAI 

tools. Students can be assisted in developing various cognitive abilities (e.g., critical 

thinking) as well. 

Institutionally, this theme illustrates normative isomorphism, where professional 

norms and pedagogical innovations drive change. Educators are encouraged to 

rethink their roles, as suggested by Faraon et al. (2025), while students adapt to new 

modes of learning. Yet, the lack of coordinated strategies across institutions, as noted 

by Cronholm (2021), may hinder the successful integration of GenAI in educational 

settings. 

 

6.2.3 Ethical Concerns 
Both groups expressed concerns about misinformation, hallucinations, and 

overreliance on AI. Educators worried about data privacy and the accuracy of AI-

generated content, while students highlighted fabricated references and the risk of 

false confidence. These concerns were presented in the literature (Pham et al., 2023; 

Cordero et al., 2024), which emphasizes the need for critical evaluation and reflective 

practices. 

The ethical dimension of AI use reflects the coercive pressures within institutional 

theory—universities must respond to external demands for ethical standards and data 

governance. Yet, as Ullah et al. (2024) point out, institutional policies often lack 

specificity, leaving educators and students to navigate ethical dilemmas 

independently. As Faraon et al. (2025) argue, careful consideration by educators and 

policymakers regarding AI integration in HEIs is necessary across diverse 

dimensions. 

Additionally, some interview participants raised environmental concerns, pointing to 

the energy consumption of GenAI tools. This adds a broader sustainability 

perspective to the ethical discourse, suggesting that future policies should address not 

only academic integrity but also the ecological footprint of digital transformation. 
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6.2.4 Institutional Influence 
The interview findings revealed that institutional endorsement significantly shaped 

perceptions of legitimacy and usage. Educators interpreted university-provided 

access as a signal of acceptance, influencing classroom policies. Students similarly 

felt reassured by institutional support, though some noted ambiguity and 

inconsistency in messaging. 

This theme strongly reflects coercive isomorphism, where institutional policies and 

resource allocation guide behavior. As Zhu et al. (2024) and Nguyen et al. (2022) 

emphasize, digital leadership and strategic planning are critical in shaping technology 

adoption. However, the findings also reveal gaps; while access is provided, clear 

communication and consistent policies are often missing. Peer influence among 

students further illustrates mimetic pressures, where adoption is driven by social 

norms and the fear of falling behind. This dynamic suggests that institutional 

influence operates not only through formal structures but also through informal 

networks and cultural expectations. Surprisingly, the role of leaders in influencing AI 

adoption and usage did not emerge at all during the interviews, which may suggest 

that leaders, at least in the interviewed institution, are not active in promoting the use 

of AI.  

 

6.2.5 Structured Guidance 
Both educators and students reported a lack of formal training and expressed a strong 

need for structured guidance. Educators called for ethical frameworks and collegial 

exchange, while students desired practical education and expert-led workshops. 

These findings echo Cordero et al. (2024), who highlight the insufficient AI literacy 

among teachers, and UNESCO (2023), which stresses the importance of policy 

development. This theme underscores the institutional responsibility to provide not 

just access but also capacity-building. The absence of structured support reflects a 

gap between technological availability and pedagogical readiness, as discussed by 

Akram et al. (2021) and Meda et al. (2023). 

From an institutional theory lens, the lack of guidance may hinder normative 

isomorphism, preventing the development of shared professional standards. Without 

coordinated training and policy frameworks, educators and students are left to 

interpret AI use individually, risking inconsistent practices and ethical ambiguity. 

 

6.3 Comprehensive insights from mixed-method 
analysis 

In general, combined findings of quantitative and qualitative analyses show consistent 

results. From the descriptive analysis, it can be concluded that universities worldwide 

are actively changing their strategies, infrastructure and approaches to accommodate 

the AI transformation. From the regression analysis, this change is not found 

statistically driven by the specific survey items (student demand, perceived negative 

impact, positive impact, concerns). It is likely that institutional AI transformation is 

shaped by a broader set of organizational factors than those specific survey items.  

The qualitative findings suggest that institutional legitimacy, communication, 

accessibility of AI tools, and the availability of organizational support may play a 

greater role in shaping AI adoption than individual perceptions of benefits or risks 
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alone. Therefore, while the quantitative findings did not support the hypothesized 

relationships, the mixed-methods approach indicates that institutional AI adoption is 

a more complex process than can be explained by these variables in isolation.  

Specifically, analysis of interviews demonstrate that both educators and students use 

Generative AI tools extensively, which coincides with descriptive analyses. The 

legitimacy of this tool is enabled by the institution, but the initiative to use this tool is 

influenced by those around the interviewees like colleagues or classmates. The use of 

the AI tool is reported to transform the learning and teaching experience as teachers 

redesign assessment activities while learners change their learning approach. Both 

educators and learners appraise the AI tools for personalized assistance benefits but 

at the same time, show awareness of its issues namely misinformation, hallucinations 

and overreliance. The interview also revealed the lack of training and structured 

guidance from the institution on how to use this tool.  

This thesis found that teachers and students actively incorporated AI tools into their 

academic work despite reporting limited institutional guidance, training, or formal 

support. Rather than formal structures preceding practice, the empirical findings 

indicate that practice developed ahead of formal institutional arrangements. 

This pattern can be understood as a bottom-up process of technological adoption. 

Participants independently integrated AI into their teaching and learning activities, 

while institutional governance remained relatively underdeveloped. Although the 

university contributed to the legitimacy of AI by making Microsoft Copilot available, 

it did not provide corresponding training or comprehensive guidelines to support its 

use. Consequently, AI adoption was driven primarily by individual initiative rather 

than by structured institutional implementation. This suggests that the university's 

role was one of enabling adoption rather than directing it, with users themselves 

shaping how AI became embedded in everyday educational practices. 

The use of mixed method proves its value in information triangulation when we can 

compare and integrate the findings from quantitative and qualitative analyses.  

Quantitative analysis provides an overview patterns and trends of AI practices across 

higher education institutions worldwide; statistical analysis discovered which factors 

potentially contribute to changes in AI transformation. However, as the statistical 

significance of the results is low, a qualitative method was conducted to cross-check 

the results and provide more insights into the phenomenon. Semi-structured 

interviews with key users of AI in universities aligned with quantitative analysis on 

this point: realized benefits of the tool and concerns influence the interviewees’ 

adoption and usage of AI. While descriptive analysis visualized the institutional 

practices regarding AI, interviews helped explain how institutional policies shape the 

legitimacy of the tool from the users’ perspective. Institutional policy and guideline 

act as a green signal that permits the use of the tool, signaling for institutional 

stakeholders that the tool is endorsed and allowed by the institution. Importantly, 

interviews complemented quantitative findings in showing another factor influencing 

institutional stakeholders’ use of AI – peer influence. From the interviews, it can be 

interpreted that while institutions play a vital role in legitimatizing the use of AI,  

giving legitimacy does not mean the users automatically pick up the tool nor have an 

immediate knowledge of using it. But rather, structured guidance, realized benefits 

and risks, peer influence emerged as important factors that affect how interviewed 

participants use the tool. 
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7. Conclusion 
 

7.1 Conclusions 
This thesis explored the AI transformation of higher education, with a particular focus 

on the integration of artificial intelligence in teaching and learning. Through a mixed-

methods approach combining global survey data and interviews, the study examined 

institutional strategies, student demands, and the evolving role of GenAI in academic 

contexts. 
In answering the first research question, the findings indicate that AI has become 

integrated into teaching and learning primarily through the use of Microsoft Copilot. 

Both educators and students reported using AI to support communication, text 

creation, idea generation, information retrieval, and administrative or academic tasks. 

AI was generally perceived as a tool that complements rather than replaces teaching 

and learning activities, with users emphasizing the continued importance of critical 

thinking and human judgment. However, integration occurred largely through 

individual experimentation rather than structured institutional implementation, as 

participants reported receiving limited formal training and guidance. Furthermore, 

although the interview guide included both Microsoft Copilot and Scopus AI, the 

findings showed that AI integration was almost exclusively associated with Microsoft 

Copilot, while Scopus AI remained largely unused due to limited awareness and 

perceived functionality. 

Regarding the second research question, the findings indicate that institutional factors 

influencing AI transformation include institutional endorsement of AI, the availability 

and visibility of AI tools, organizational communication, and the provision of 

guidance and training. While the quantitative analysis did not detect statistically 

significant relationships between the examined factors and AI transformation, the 

qualitative findings demonstrated that institutional legitimacy and organizational 

support shape how AI tools become adopted in practice. To be more specific, 

institutional factors influenced participants’ perceptions by legitimizing AI use within 

the university environment. The institutional availability of AI tools encouraged both 

teachers and students to perceive AI as an acceptable and increasingly normal part of 

academic work. However, limited formal training and inconsistent guidance meant 

that participants relied primarily on self-directed learning, resulting in varying levels 

of confidence and uncertainty regarding appropriate AI use. These findings suggest 

that institutional influence shapes perceptions not only through formal policies but 

also through the visibility, accessibility, and organizational support provided for 

specific AI tools. 
Overall, the study underscores that digital transformation in higher education is not 

merely a technological shift but a complex institutional evolution. Addressing ethical, 

infrastructural, and pedagogical challenges holistically is essential to ensure that AI 

integration supports meaningful and equitable learning experiences. As universities 

continue to navigate this transition, aligning institutional strategies with the actual 

needs and expectations of students and educators remains a pressing priority. 
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7.2 Contributions 

Firstly, our thesis contributes to the field of information systems because by applying 

institutional theory to study AI transformation in higher education, our thesis adds to 

the understanding of how institutional pressures, structures, and organizational 

contexts affect the adoption and use of AI systems in educational organizations, which 

reflects the core concerns of IS research regarding digital transformation, technology 

adoption, organizational change, and the relationship between information 

technologies and institutional environments. This thesis extends the application of 

institutional theory to the context of generative AI in higher education by illustrating 

how institutional influence is expressed through the legitimacy, visibility, and 

organizational support surrounding AI tools. The study refines existing institutional 

theory by demonstrating how these mechanisms shape the adoption of emerging AI 

technologies in educational settings. While the quantitative findings did not identify 

statistically significant relationships between the examined institutional factors and 

AI transformation, the qualitative findings revealed that institutional influence is 

reflected in how universities shape the visibility, legitimacy, and everyday use of AI 

tools. In particular, participants’ widespread adoption of Microsoft Copilot, alongside 

limited awareness and use of Scopus AI, suggests that institutional communication, 

accessibility, and organizational support influence which AI technologies become 

embedded in educational practice. This provides a more nuanced understanding of 

institutional influence than focusing solely on formal policies or individual 

perceptions. 

Secondly, the findings highlight a disconnect between the institutional endorsement 

of AI and the operational support provided for its implementation. Although 

participants perceived AI use as accepted and increasingly normalized within their 

universities, they consistently reported limited formal training and fragmented 

guidance. Rather than suggesting that AI adoption depends only on institutional 

policies, the findings indicate that successful implementation also requires clear 

communication, structured support, and opportunities for developing AI 

competencies. This contributes practical insight for higher education institutions 

seeking to move beyond legitimizing AI towards supporting its effective and 

responsible integration into teaching and learning. 

Thirdly, differences identified between regions also provide helpful information for 

policy-makers to understand what is currently at focus of the universities within a 

specific region and devise suitable strategies that match that focus. These differences 

also reflect cultural values and attributes of higher education within the region, and 

implementation of digital strategies would be more effective if taking those values 

into consideration.  

Additionally, interview results suggest that adoption of technological tools is strongly 

influenced by peers. Therefore, for responsible and effective use of tools like AI, 

universities can establish initiatives where users can cooperate and learn from each 

other, and encourage community sharing and dialogue where teachers and learners 

share their best practices and learn from each other.  

Fifthly, while peer influence is evident, institutional force is also important as 

institutions declare legitimacy of tools, giving teachers and students confidence that 

this tool is accepted and even encouraged to be used by institutional authorities.  



 

 

 

 

 

 

 

 

Page 42 (59) 

 

7.3 Limitations 

This study acknowledges several limitations that may affect the interpretation and 

generalizability of its findings. First, the scope of the secondary data is constrained 

by its source. The data were collected from a global association that distributed a 

survey exclusively to its member universities. Although responses were gathered 

from more than 430 higher education institutions (HEIs), the results are limited to 

member institutions only. As such, the findings may not fully reflect the broader 

landscape of global higher education. 

Second, the geographic distribution of survey responses reveals a notable imbalance. 

Institutions from European countries accounted for the largest proportion of 

respondents (36%), followed by those from the Asia-Pacific region. In contrast, North 

America (7%) and the Middle East (9%) were significantly underrepresented. This 

uneven representation suggests that the findings may reflect a predominantly 

European perspective, which limits the ability to generalize results across different 

regional contexts. Caution should therefore be exercised when interpreting the data 

in a global framework. 

The third limitation in our research lies in quantitative findings. The quantitative 

results demonstrated that the independent variables do not statistically predict the 

dependent variable (AI transformation). Based on that finding, we have attempted to 

cross-check the quantitative results by finding more evidences by conducting 

interviews with teachers and students. Nonetheless, we have not statistically 

examined the factors that emerged from the interviews due to the scope of this thesis. 

Importantly, there is a mismatch between the level at which the predictors 

(independent variables) are measured and the level at which institutional AI 

transformation occurs. Specifically, our independent variables are measured by 

individual perspectives while the examined phenomena is organizational-level AI 

transformation.  

Regarding the primary data, the sample for the interview method consisted of 

participants from only 1 university in a single country, which prevents a global 

perspective as originally intended. The demographic of the sample is also not 

balanced in terms of gender. Furthermore, the interview method can produce biased 

results and prevent generalizability due to small sample size, unbalanced 

demographic of participants, and convenient recruitment of participants. Additionally, 

interview inquiry lacks ‘why’ questions, which does not lead to in-depth investigation 

because ‘why’ questions help researchers to “get below the surface of behaviors, to 

reveal fundamental attitudes” (Denicolo, 2016, p.19). Moreover, interviews were 

conducted in online format; this could prevent researchers from realizing non-verbal 

signs which can be observed in face-to-face conversations. Finally, time and scope 

constraints in conducting this thesis may hinder in-depth exploration of data and 

comprehensive discussion of ideas. Despite these limitations, the diversity of 

participating countries still provides valuable insights into global trends in the digital 

transformation of HEIs, as well as the perceptions of key actors (i.e., educators and 

students) regarding the use of GenAI in teaching and learning. 
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7.4 Implications for future research 
First of all, this study contributes to the understanding of AI transformation in higher 

education in a global scale. Responses are collected across all continents, involving 

over 400 institutions in five regions. However, the skewed sample prevents us from 

having a comprehensive picture of universities in all continents. Future research could 

address this shortcoming by recruiting equal number of university participants in each 

region.   

Secondly, this study has theoretical contribution by explaining how institutional 

factors influence AI adoption and measuring the relative importance of factors. 

Nevertheless, low prediction power prevents good generalization of the study results. 

Even though we have attempted to rectify this by conducting qualitative interviews 

to explore other factors, we have not statistically examined these factors. Therefore, 

future research could extend our study by verifying whether emerged factors from our 

interviews are significant predictors of AI transformation. Besides, literature review 

mentioned the lack of understanding how leadership in supporting technology 

influence people’s interaction with AI technology (Nguyen et al., 2022; Zhu et al., 

2024), even though survey results implied how leadership at higher education 

institutions influence AI adoption – through regulations and policies – leadership did 

not emerge in interviews as an influencing factor. We did not address this factor 

thoroughly to understand why that is the case; therefore, other studies could examine 

how this factor manifests in influencing people’s use of AI.  

Thirdly, participants in the survey included not only educators but managerial staff, 

which provides the perspectives of another type of stakeholder other than educators 

and learners like common studies in existing literature, who also affect and is affected 

by the digital transformation in higher education. Their perspectives facilitate a 

crucial understanding of practical factors that shape digital changes of universities. 

However, it would be better to have interviews with decision-makers of universities 

to have a deeper understanding of how institutional factors affect AI adoption and 

what factors influence the decision-makers themselves in determining AI strategies. 

Fourthly, the study adopts a mixed method approach, which contributes to current 

literature as it is suggested by Wang et al. (2024) to have more mixed-method studies 

to enhance research integrity. The combined perspectives of university staff, 

pedagogues, and learners gathered from the survey and interviews provide a quite 

comprehensive picture of the transformation that higher education is experiencing. 

Nevertheless, the qualitative interviews were conducted in only one university; future 

researchers could consider interviewing participants from different universities and 

in different countries to gather more diverse perspectives. In addition, future research 

could benefit from adding perspectives beyond those of educators and students such 

as conducting interviews with university leaders and administrators to develop a more 

holistic understanding of how GenAI is shaping the digital transformation of HEIs. 

 

 

 

 



 

 

 

 

 

 

 

 

Page 44 (59) 

 

References 

Akram, H., Aslam, S., Saleem, A., & Parveen, K. (2021). The challenges of online 

teaching in COVID-19 pandemic: A case study of public universities in Karachi, 

Pakistan. Journal of Information Technology Education: Research, 20, 263-282. 

https://doi.org/10.28945/4784 

Alavi, M., & Leidner, D. E. (2001). Research commentary: Technology-mediated 

learning—A call for greater depth and breadth of research. Information Systems 

Research, 12(1), 1–10. https://doi.org/10.1287/isre.12.1.1.972  

Ahmad, S.P., Negussie, D., Hirgo, J.B., Tolani, C., & Japee, G. (2024). The impact 

of technology on higher education in the 21st century: A systematic literature 

review. Gap Interdisciplinaries, 7(1), 120-126. 

Ahmed, S. K., Mohammed, R. A., Nashwan, A. J., Ibrahim, R. H., Abdalla, A. Q., 

Ameen, B. M., & Khdhir, R. M. (2025). Using thematic analysis in qualitative 

research. Journal of Medicine, Surgery, and Public Health, 6, Article 100198. 

https://doi.org/10.1016/j.glmedi.2025.100198 

Aubert, B.A., Barki, H., Patry, M. and Roy, V. (2008), A multi-level, multi-theory 

perspective of information technology implementation. Information Systems 

Journal, 18, 45-72. https://doi.org/10.1111/j.1365-2575.2007.00279.x 

Baragash, R. S., Aldowah, H., & Umar, I. N. (2022). Students’ perceptions of e-

learning in Malaysian universities: Sentiment analysis based machine learning 

approach. Journal of Information Technology Education: Research, 21, 439-463. 

https://doi.org/10.28945/5024 

Bedin, E., Marques, M. S., & Cleophas, M. das G. (2023). Research on the content, 

technological, and pedagogical knowledge (TPACK) of chemistry teachers 

during remote teaching in the pandemic in the light of students’ perceptions. 

Journal of Information Technology Education: Research, 22, 1-24. 

https://doi.org/10.28945/5063 

Bekele, W. B. & Ago, F. Y. (2022). Sample Size for Interview in Qualitative Research 

in Social Sciences: A Guide to Novice Researchers. Research in Educational 

Policy and Management, 4(1), 42-50. https://doi.org/10.46303/repam.2022.3. 

Bendig, D., Wagner, R., Jung, C., & Nüesch, S. (2022). When and why technology 

leadership enters the C-suite: An antecedents perspective on CIO presence. The 

Journal of Strategic Information Systems, 31(1), Article 101705. 

https://doi.org/10.1016/j.jsis.2022.101705  

 

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative 

https://doi.org/10.28945/4784
https://doi.org/10.1287/isre.12.1.1.972
https://doi.org/10.1016/j.glmedi.2025.100198
https://doi.org/10.1111/j.1365-2575.2007.00279.x
https://doi.org/10.28945/5024
https://doi.org/10.28945/5063
https://doi.org/10.46303/repam.2022.3
https://doi.org/10.1016/j.jsis.2022.101705


 

 

 

 

 

 

 

 

Page 45 (59) 

 

research in psychology, 3(2).77-101. 

http://dx.doi.org/10.1191/1478088706qp063oa 

 

Bygstad, B., Øvrelid, E., Ludvigsen, S., & Dæhlen, M. (2022). From dual 

digitalization to digital learning space: Exploring the digital transformation of 

higher education. Computers and Education, 182, 104463. 

https://doi.org/10.1016/j.compedu.2022.104463 

Chen, Q., O. Turel, & Y. Yuan. (2023). Conflicting Social Influences regarding 

Controversial Information Systems: The Case of Online Dating. Information 

Technology & People, 36 (2), 834–866. https://doi.org/10.1108/ITP-11-2020-

0782  

Cooksey, R. W. (2020, May 15). Descriptive Statistics for Summarising Data. In 

Illustrating Statistical Procedures: Finding Meaning in Quantitative Data 

(pp. 61–139). Springer Singapore. https://doi.org/10.1007/978-981-15-2537-7_5  

Cordero, J., Torres-Zambrano, J., & Cordero-Castillo, A. (2024). Integration of 

generative artificial intelligence in higher education: Best practices. Education 

Sciences, 15(1), Article 32. https://doi.org/10.3390/educsci15010032 

Creswell, J. W., & Clark, V. P. (2007). Mixed methods research. Thousand Oaks, CA. 

Creswell, J. W., & Creswell, J. D. (2018). Research design: Qualitative, quantitative, 

and mixed methods approaches (5th ed.). Sage Publications. 

Cronholm, S. (2021). Lifelong learning: Principles for designing university education. 

Journal of Information Technology Education: Research, 20, 35-60. 

https://doi.org/10.28945/4686 

Dang, M. Y., & Zhang, Y. G. (2021). Examining gender differences in student 

learning during the COVID-19 pandemic: A model from the switching costs and 

quality-related perspectives. Journal of Information Technology Education: 

Research, 20, 459-477. https://doi.org/10.28945/4881 

Dawadi, S., Shrestha, S., & Giri, R. A. (2021). Mixed-Methods Research: A 

Discussion on its Types, Challenges, and Criticisms. Journal of Practical Studies 

in Education, 2(2), 25-36 DOI: https://doi.org/10.46809/jpse.v2i2.20  

Deacon, B., Laufer, M., & Schäfer, L. O. (2022). Infusing educational technologies 

in the heart of the university—A systematic literature review from an 

organisational perspective. British Journal of Educational Technology, 54, 441-

466. https://doi.org/10.1111/bjet.13277 

http://dx.doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1016/j.compedu.2022.104463
https://doi.org/10.1108/ITP-11-2020-0782
https://doi.org/10.1108/ITP-11-2020-0782
https://doi.org/10.1007/978-981-15-2537-7_5
https://doi.org/10.3390/educsci15010032
https://doi.org/10.28945/4686
https://doi.org/10.28945/4881
https://doi.org/10.46809/jpse.v2i2.20
https://doi.org/10.1111/bjet.13277


 

 

 

 

 

 

 

 

Page 46 (59) 

 

Denicolo, P., Long, T., & Bradley-Cole, K. (2016). Constructivist approaches and 

research methods: A practical guide to exploring personal meanings. SAGE 

Publications Ltd. 

Deng, X., & Yu, Z. (2023). A Meta-Analysis and Systematic Review of the Effect of 

Chatbot Technology Use in Sustainable Education. Sustainability, 15, 2940. 

https://doi.org/10.3390/su15042940. 

Díaz-Rodríguez, N., J. Del Ser, M. Coeckelbergh, M. L. de Prado, E. Herrera-Viedma, 

& F. Herrera. (2023). Connecting the Dots in Trustworthy Artificial Intelligence: 

From AI Principles, Ethics, and key Requirements to Responsible AI Systems 

and Regulation. Information Fusion, 99, 101896. 

https://doi.org/10.1016/j.inffus.2023.101896  

DiMaggio, P. J., & Powell, W. W. (1983). The Iron Cage Revisited: Institutional 

Isomorphism and Collective Rationality in Organizational Fields. American 

Sociological Review, 48(2), 147–160. https://doi.org/10.2307/2095101 

Eesley, C., & Gerber, E. (2025). CROSSROADS—Designing institutions for applied 

impact: Lessons from engineering for organizational research. Organization 

Science, 36(5), 2044–2051. https://doi.org/10.1287/orsc.2025.21020 

Elkefi, S., Tounsi, A., & Kefi, M. A. (2024). Use of ChatGPT for education by 

engineering students in developing countries: a mixed-methods study. Behaviour 

& Information Technology, 1–17. 

https://doi.org/10.1080/0144929X.2024.2354428  

Eseryel, U. Y., Jiang, D., & Eseryel, D. (2021). New findings on student multitasking 

with mobile devices and student success. Journal of Information Technology 

Education: Innovations in Practice, 20, 21-35. https://doi.org/10.28945/4723 

Faraon, M., Rönkkö, K., Milrad, M., et al. (2025). International perspectives on 

artificial intelligence in higher education: An explorative study of students' 

intention to use ChatGPT across the Nordic countries and the USA. Educational 

Information Technology, 1(1), 1-15. https://doi.org/10.1007/s10639-025-13492-

x 

Fischman, G. E., & Ott, M. (2018). Access, equity and quality trends in Latin 

America’s public universities. International Journal of Educational Development, 

58, 86–94. https://doi.org/10.1016/j.ijedudev.2016.11.002 

Fraenkel, J. R., Wallen, N. E., & Hyun, H. H. (2022). How to design and evaluate 

research in education (10th ed.). McGraw-Hill Humanities/Social 

Sciences/Languages. 

https://doi.org/10.3390/su15042940
https://doi.org/10.1016/j.inffus.2023.101896
https://doi.org/10.2307/2095101
https://doi.org/10.1287/orsc.2025.21020
https://doi.org/10.1080/0144929X.2024.2354428
https://doi.org/10.28945/4723
https://doi.org/10.1007/s10639-025-13492-x
https://doi.org/10.1007/s10639-025-13492-x
https://doi.org/10.1016/j.ijedudev.2016.11.002


 

 

 

 

 

 

 

 

Page 47 (59) 

 

Frank, D. J., & Meyer, J. W. (2023). The university: Global institution and national 

organization. Global Perspectives, 4(1), 87668. 

https://doi.org/10.1525/gp.2023.87668 

Giannitsas, D., Sun, R., & Baptista, J. (2026). In artificial intelligence (AI) we 

(dis)trust? Navigating institutional pressures for automation and augmentation in 

the implementation of AI in organizations. Information and Organization, 36(1), 

Article 100609. https://doi.org/10.1016/j.infoandorg.2026.100609 

Gillespie, A., Glăveanu, V., Glǎveanu, V. P., & de Saint Laurent, C. 

(2024). Pragmatism and methodology: Doing research that matters with mixed 

methods. Cambridge University Press. 

González, R. A., Fernández-Lancho, E., & de la Hoz-Ruiz, J. (2021). Technologies 

for learning writing in L1 and L2 for the 21st century: Effects on writing 

metacognition, self-efficacy, and argumentative structuring. Journal of 

Information Technology Education: Research, 20, 87-116. 

https://doi.org/10.28945/4705 

Grange, C., Demazure, T., Ringeval, M., Bourdeau, S., & Martineau, C. (2025). The 

human-GenAI value loop in human-centered innovation: Beyond the magical 

narrative. Information Systems Journal. Advance online publication. 

https://doi.org/10.1111/isj.12602 

Hair, J. F., Sarstedt, M., Ringle, C. M., & Gudergan, S. P. (2018). Advanced Issues in 

Partial Least Squares Structural Equation Modeling (PLS-SEM). Thousand Oaks, 

CA: Sage. https://doi.org/10.3926/oss.37  

Hall, J.N. (2013). Pragmatism, Evidence, and Mixed Methods Evaluation. New 

Directions for Evaluation, 138, 15-26. https://doi.org/10.1002/ev.20054 

Hsueh, N-L., Daramsenge, B., & Lai, L-C. (2022). Exploring the influence of students’ 

modes of behavioral engagement in an online programming course using the 

partial least squares structural equation modeling approach. Journal of 

Information Technology Education: Research, 21, 403-423. 

https://doi.org/10.28945/5010 

Ifenthaler, D., Majumdar, R., Gorissen, P., Judge, M., Mishra, S., Raffaghelli, J., & 

Shimada, A. (2024). Artificial intelligence in education: Implications for 

policymakers, researchers, and practitioners. Technology, Knowledge and 

Learning, 29, 1693–1710. https://doi.org/10.1007/s10758-024-09725-9  

Ivanova, M., Grosseck, G., & Holotescu, C. (2024). Unveiling Insights: A 

Bibliometric Analysis of Artificial Intelligence in Teaching. Informatics, 11(1), 

10. https://doi.org/10.3390/informatics11010010. 

https://doi.org/10.1525/gp.2023.87668
https://doi.org/10.1016/j.infoandorg.2026.100609
https://doi.org/10.28945/4705
https://doi.org/10.1111/isj.12602
https://doi.org/10.3926/oss.37
https://doi.org/10.1002/ev.20054
https://doi.org/10.28945/5010
https://doi.org/10.1007/s10758-024-09725-9
https://doi.org/10.3390/informatics11010010


 

 

 

 

 

 

 

 

Page 48 (59) 

 

Jensen, T. (2019). Higher education in the digital era: The current state of 

transformation around the world in the digital era. International Association of 

Universities. https://www.iau-aiu.net/IMG/pdf/technology_report_2019.pdf 

Jiang, Y., Xie, L., & Cao, X. (2025). Exploring the Effectiveness of Institutional 

Policies and Regulations for Generative AI Usage in Higher Education. Higher 

Education Quarterly, 79(4), e70054. https://doi.org/10.1111/hequ.70054. 

Kafle, S. C. (2019). Correlation and regression analysis using SPSS. The OCEM 

Journal of Management, Technology & Social Sciences, 125–132. 

https://www.researchgate.net/profile/Sarad-Chandra-

Kafle/publication/343282545_Correlation_and_Regression_Analysis_Using_SP

SS/links/5f215510299bf134048f85d6/Correlation-and-Regression-Analysis-

Using-SPSS.pdf 

Kijsanayotin, B., S. Pannarunothai, & S. M. Speedie. (2009). Factors Influencing 

Health Information Technology Adoption in Thailand’s Community Health 

Centers: Applying the UTAUT Model. International Journal of Medical 

Informatics, 78 (6), 404–416. https://doi.org/10.1016/j.ijmedinf.2008.12.005  

 

King, N. (2004). Using templates in the thematic analysis of text. In Cassell C., 

Symon G. (Eds.), Essential guide to qualitative methods in organizational 

research (pp. 257–270). London, UK: Sage. 

 

Khalifeh, A., Al Khasawneh, M. H., Alrousan, M., Al-Adwan, A. S., Wahsheh, F., 

Omeish, F., Y., & Ananzeh, H. (2024). Influence of students’ self-control and 

smartphone e-learning readiness on smartphone cyberloafing. Journal of 

Information Technology Education: Research, 23, Article 16. 

https://doi.org/10.28945/5307 

 

Korchak, A., Al Murshidi, G., Getman, A., Raouf, N., Arshe, M., Al Meheiri, N., 

Shulgina, G., & Costley, J. (2025). The role of social influence in generative 

artificial intelligence ChatGPT adoption intentions among undergraduate and 

graduate students. Innovations in Education and Teaching International, 62(5), 

1559–1573. https://doi.org/10.1080/14703297.2025.2496942  

 

Kotronoulas, G., Miguel, S., Dowling, M., Fernández‑Ortega, P., Colomer‑Lahiguera, 

S., Bağçivan, G., Pape, E., Drury, A., Semple, C., Dieperink, K. B., & 

Papadopoulou, C. (2023). An overview of the fundamentals of data management, 

analysis, and interpretation in quantitative research. Seminars in Oncology 

Nursing, 39(2), Article 151398. https://doi.org/10.1016/j.soncn.2023.151398 

 

Kulkarni, M. D., Awate, A., Shahade, M., & Nandwalkar, B. (2025). ExamGuard: 

Smart contracts for secure online test. Information Systems, 128, 102485. 

https://doi.org/10.1016/j.is.2024.102485 

 

https://www.iau-aiu.net/IMG/pdf/technology_report_2019.pdf
https://doi.org/10.1111/hequ.70054
https://www.researchgate.net/profile/Sarad-Chandra-Kafle/publication/343282545_Correlation_and_Regression_Analysis_Using_SPSS/links/5f215510299bf134048f85d6/Correlation-and-Regression-Analysis-Using-SPSS.pdf
https://www.researchgate.net/profile/Sarad-Chandra-Kafle/publication/343282545_Correlation_and_Regression_Analysis_Using_SPSS/links/5f215510299bf134048f85d6/Correlation-and-Regression-Analysis-Using-SPSS.pdf
https://www.researchgate.net/profile/Sarad-Chandra-Kafle/publication/343282545_Correlation_and_Regression_Analysis_Using_SPSS/links/5f215510299bf134048f85d6/Correlation-and-Regression-Analysis-Using-SPSS.pdf
https://www.researchgate.net/profile/Sarad-Chandra-Kafle/publication/343282545_Correlation_and_Regression_Analysis_Using_SPSS/links/5f215510299bf134048f85d6/Correlation-and-Regression-Analysis-Using-SPSS.pdf
https://doi.org/10.1016/j.ijmedinf.2008.12.005
https://doi.org/10.28945/5307
https://doi.org/10.1080/14703297.2025.2496942
https://doi.org/10.1016/j.soncn.2023.151398
https://doi.org/10.1016/j.is.2024.102485


 

 

 

 

 

 

 

 

Page 49 (59) 

 

Lammers, J. C., & Garcia, M. A. (2014). Institutional Theory. In L. L. Putnam & D. 

K. Mumby (Eds.), The SAGE handbook of organizational communication: 

Advances in theory, research, and methods (3rd ed., pp. 195–216). SAGE 

Publications.  
 

Lee, D., Arnold, M., Srivastava, A., Plastow, K., Strelan, P., Ploeckl, F., Lekkas, D., 

& Palmer, E. (2024). The impact of generative AI on higher education learning 

and teaching: A study of educators’ perspectives. Computers and Education: 

Artificial Intelligence, 6, 100221. https://doi.org/10.1016/j.caeai.2024.100221  

 

Lee, J. K., Park, J., Gregor, S., &amp; Yoon, V. (2021). Axiomatic theories and 

improving the relevance of information systems research. Information Systems 

Research, 32(1), 15–36. https://doi.org/10.1287/isre.2020.0958  

Marabelli, M., & Davison, R. M. (2025). Artificial intelligence and the environment: 

Ethical challenges and strategic opportunities for organizations. The Journal of 

Strategic Information Systems, 34(3), Article 101921. 

https://doi.org/10.1016/j.jsis.2025.101921 

Marchena Sekli, M., & Ruiz-Gallardo, J. L. (2022). The impact of digitalization on 

educational leadership: Perceptions of educational leaders in the use of 

technology for management and decision making. Journal of Information 

Technology Education: Research, 21, 81-99. https://doi.org/10.28945/4934 

Marchena Sekli, G. F., Godo, A., & Véliz, J. C. (2024). Generative AI solutions for 

faculty and students: A review of literature and roadmap for future research. 

Journal of Information Technology Education: Research, 23, Article 14. 

https://doi.org/10.28945/5304 

McGrath, C., Farazouli, A. & Cerratto-Pargman, T. (2025). Generative AI chatbots 

in higher education: a review of an emerging research area. Higher Education, 

89, 1533–1549. https://doi.org/10.1007/s10734-024-01288-w  

Meda, L., Baroudi, S., & Hojeij, Z. (2023). Faculty perceptions of virtual field 

experience placement in a teacher preparation program in the UAE. Journal of 

Information Technology Education: Research, 22, 25-40. 

https://doi.org/10.28945/5066 

Mendoza, A., & Venables, A. (2023). Attributes of blended learning environments 

designed to foster a sense of belonging for higher education students. Journal of 

Information Technology Education: Research, 22, 129-156. 

https://doi.org/10.28945/5082 

Meyer, J., & Rowan, B. (1977). Institutionalized organizations: Formal structure as 

myth and ceremony. The American Journal of Sociology, 83(2), 340–363. 

https://doi.org/10.1016/j.caeai.2024.100221
https://doi.org/10.1287/isre.2020.0958
https://doi.org/10.1016/j.jsis.2025.101921?utm_source=chatgpt.com
https://doi.org/10.28945/4934
https://doi.org/10.28945/5304
https://doi.org/10.1007/s10734-024-01288-w
https://doi.org/10.28945/5066
https://doi.org/10.28945/5082


 

 

 

 

 

 

 

 

Page 50 (59) 

 

Mohamed, K., Yousef, M., Medhat, W., Mohamed, E. H., Khoriba, G., & Arafa, T. 

(2025). Hands-on analysis of using large language models for the auto evaluation 

of programming assignments. Information Systems, 128, 102473. 

https://doi.org/10.1016/j.is.2024.102473 

 

Morgan, G. (2016). Semi-structured, narrative, and in-depth interviewing, focus 

groups, action research, participant observation. Faculty of Public 

Health. https://www.healthknowledge.org.uk/public-health-textbook/research-

methods/1d-qualitative-methods/section2-theoretical-methodological-issues-

research 

Morse, J. (1995). The Significance of Saturation. Qualitative Health Research, 5(2), 

147-149. https://doi.org/10.1177/104973239500500201.  

Naveed, Q.N.; Choudhary, H.; Ahmad, N.; Alqahtani, J.; Qahmash, A.I. (2023). 

Mobile Learning in Higher Education: A Systematic Literature Review. 

Sustainability, 15, 13566. https://doi.org/10.3390/su151813566.  

Ng, E., & Pan, S. L. (2024). Competitive strategies for ensuring Fintech platform 

performance: Evidence from multiple case studies. Information Systems 

Journal, 34(3), 616–641. https://doi.org/10.1111/isj.12406 

Oberländer, A. M., Karnebogen, P., Rövekamp, P., Röglinger, M., & Leidner, D. 

E. (2025). Understanding the influence of digital ecosystems on digital 

transformation: The OCO (orientation, cooperation, orchestration) 

theory. Information Systems Journal, 35(1), 368–

413. https://doi.org/10.1111/isj.12539 

Oliver, P. (2010). The student’s guide to research ethics. Maidenhead: Open 

University Press. 

Orlikowski, W. J., & Baroudi, J. J. (1991). Studying information technology in 

organizations: Research approaches and assumptions. Information Systems 

Research, 2(1), 1–28. https://doi.org/10.1287/isre.2.1.1 

Park, E. (2026). Trust, risk, and usability: examining students’ use behaviour of 

generative artificial intelligence tools in higher education. Behaviour & 

Information Technology, 1–13. 

https://doi.org/10.1080/0144929X.2026.2619983  

Pavlov, O. V., & Katsamakas, E. (2023). Tuition too high? Blame competition. 

Journal of Economic Behavior & Organization, 213, 409–431. 

https://doi.org/10.1016/j.jebo.2023.07.019  

Pham, T., Nguyen, B., Ha, S., & Ngoc, T. N. (2023). Digital transformation in 

engineering education: Exploring the potential of AI-assisted learning. 

https://doi.org/10.1016/j.is.2024.102473
https://www.healthknowledge.org.uk/public-health-textbook/research-methods/1d-qualitative-methods/section2-theoretical-methodological-issues-research
https://www.healthknowledge.org.uk/public-health-textbook/research-methods/1d-qualitative-methods/section2-theoretical-methodological-issues-research
https://www.healthknowledge.org.uk/public-health-textbook/research-methods/1d-qualitative-methods/section2-theoretical-methodological-issues-research
https://doi.org/10.1177/104973239500500201
https://doi.org/10.3390/su151813566
https://doi.org/10.1111/isj.12406
https://doi.org/10.1111/isj.12539
https://doi.org/10.1287/isre.2.1.1
https://doi.org/10.1080/0144929X.2026.2619983
https://doi.org/10.1016/j.jebo.2023.07.019


 

 

 

 

 

 

 

 

Page 51 (59) 

 

Australasian Journal of Educational Technology, 39(5), 1–19. 

https://doi.org/10.14742/ajet.8825 

Qahl, M., & Sohaib, O. (2023). Key factors for a creative environment in Saudi 

Arabian higher education institutions. Journal of Information Technology 

Education: Innovations in Practice, 22, 1-48. https://doi.org/10.28945/5105 

Saldaña, J. (2021). The coding manual for qualitative researchers (4th ed.). Sage 

Publications. 

Sarker, S., Bala, H., Hong, Y., Kankanhalli, A., Rossi, M., Gu, B., & Oestreicher-

Singer, G. (2025). Advancing next-generation multimethod research in 

information systems: A framework and some recommendations for authors and 

evaluators. Information Systems Research, 36(2). 

https://doi.org/10.1287/isre.2025.editorial.v36.n2 

Sharadgah, T. A., & Sa’di, R. A. (2022). A systematic review of research on the use 

of artificial intelligence in English language teaching and learning (2015-2021): 

What are the current effects? Journal of Information Technology Education: 

Research, 21, 337-377. https://doi.org/10.28945/4999 

Sharma, A. J., Rathore, B., Biswas, B., Xiao, X., & Gupta, R. (2026). Generative AI 

implementation in enterprises: Lessons from a case study of enhanced IT service 

management. Information Systems Journal, 1–30. 

https://doi.org/10.1111/isj.70029  

Smith, E. (2008). Pitfalls and promises: The use of secondary data analysis in 

educational research. British Journal of Educational Studies, 56(3), 323–339. 

http://www.jstor.org/stable/20479605 

Soodan, V., Rana, A., Jain, A., & Sharma, D. (2023). AI chatbot adoption in academia: 

Task fit, usefulness, and collegial ties. Journal of Information Technology 

Education: Innovations in Practice, 23, 1. https://doi.org/10.28945/5260 

 

Sykes, A. O. (1993). An introduction to regression analysis (Coase-Sandor Institute 

for Law & Economics Working Paper No. 20). University of Chicago Law School. 

https://chicagounbound.uchicago.edu/law_and_economics/20  

 

Tarisayi, K. S. (2024). ChatGPT use in universities in South Africa through a socio-

technical lens. Cogent Education, 11(1). 

https://doi.org/10.1080/2331186X.2023.2295654 

 

Thompson, P., Xiu, Y., Tsotsoros, J. D., & Robertson, M. A. (2021). The effect of 

designing and segmenting instructional video. Journal of Information Technology 

Education: Research, 20, 173-200. https://doi.org/10.28945/4756 

 

https://doi.org/10.14742/ajet.8825
https://doi.org/10.28945/5105
https://doi.org/10.1287/isre.2025.editorial.v36.n2
https://doi.org/10.28945/4999
https://doi.org/10.1111/isj.70029
http://www.jstor.org/stable/20479605
https://doi.org/10.28945/5260
https://chicagounbound.uchicago.edu/law_and_economics/20
https://doi.org/10.1080/2331186X.2023.2295654
https://doi.org/10.28945/4756


 

 

 

 

 

 

 

 

Page 52 (59) 

 

Ullah, M., Bin Naeem, S., & Kamel Boulos, M. N. (2024). Assessing the Guidelines 

on the Use of Generative Artificial Intelligence Tools in Universities: A Survey 

of the World’s Top 50 Universities. Big Data and Cognitive Computing, 8(12), 

194. https://doi.org/10.3390/bdcc8120194 

UNESCO. (2023). Guidance for generative AI in education and research. 

https://unesdoc.unesco.org/ark:/48223/pf0000386693 

Uğur, S. (2026). Beyond tool use: An analysis of prompt literacy and educators’ 

readiness for artificial intelligence in schools. Journal of Information Technology 

Education: Research, 25, 1–14. https://doi.org/10.28945/5751 

Vainionpää, F., Väyrynen, K., Lanamäki, A., Parmiggiani, E., & Hietala, H. (2026). 

Anticipation practices of public sector organizations in liminal AI design spaces 

– the case of the EU AI Act. European Journal of Information Systems, 1–29. 

https://doi.org/10.1080/0960085X.2026.2651227  

Vasileiou, K., Barnett, J., Thorpe, S., & Young, T. (2018). Characterising and 

justifying sample size sufficiency in interview-based studies: systematic analysis 

of qualitative health research over a 15-year period. BMC Medical Research 

Methodology, 148. DOI: https://doi.org/10.1186/s12874-018-0594-7. 

Vygotsky, L.S. (1978). Mind in society: The development of higher psychological 

processes. Cambridge, MA: Harvard University Press. 

Wagner, G., Prester, J., Mousavi, R., Lukyanenko, R., & Paré, G. (2026). Generative 

artificial intelligence for literature reviews. Journal of Information Technology. 

Advance online publication. https://doi.org/10.1177/02683962261425675 

Wambsganss, T., Janson, A., Söllner, M., Koedinger, K., & Leimeister, J. M. (2025). 

Improving students’ argumentation skills using dynamic machine-learning–based 

modeling. Information Systems Research, 36(1), 474–507. 

https://doi.org/10.1287/isre.2021.0615  

Wang, C., Chen, X., Yu, T., Liu, Y., & Jing, Y. (2024a). Education reform and change 

driven by digital technology: A bibliometric study from a global perspective. 

Humanity Social Sciences Communities, 11, 256. https://doi.org/10.1057/s41599-

024-02717-y 

Wang, S., Wang, F., Zhu, Z., Wang, J., Tran, T., & Du, Z. (2024b). Artificial 

intelligence in education: A systematic literature review. Expert Systems with 

Applications, 252(Part A), 124167. https://doi.org/10.1016/j.eswa.2023.124167  

Wang, W., Pei, S., & Sun, T. (2026). Unraveling generative AI from a human 

intelligence perspective: A battery of experiments. Information Systems Research. 

Advance online publication. https://doi.org/10.1287/isre.2023.0487  

https://doi.org/10.3390/bdcc8120194
https://unesdoc.unesco.org/ark:/48223/pf0000386693
https://doi.org/10.28945/5751
https://doi.org/10.1080/0960085X.2026.2651227
https://doi.org/10.1186/s12874-018-0594-7
https://doi.org/10.1177/02683962261425675
https://doi.org/10.1287/isre.2021.0615
https://doi.org/10.1057/s41599-024-02717-y
https://doi.org/10.1057/s41599-024-02717-y
https://doi.org/10.1016/j.eswa.2023.124167
https://doi.org/10.1287/isre.2023.0487


 

 

 

 

 

 

 

 

Page 53 (59) 

 

Wang, N., & Sun, Y. (2016). Social Influence or Personal Preference? Examining the 

Determinants of Usage Intention across Social Media with Different Sociability. 

Information Development,  32 (5), 1442–1456. 

https://doi.org/10.1177/0266666915603224  

Watrianthos, R., Ahmad, S. T., & Muskhir, M. (2023). Charting the growth and 

structure of early ChatGPT-education research: A bibliometric study. Journal of 

Information Technology Education: Innovations in Practice, 22, 235-253. 

https://doi.org/10.28945/5221 

Wells, J., Spence, A., & McKenzie, S. (2021). Student participation in computing 

studies to understand engagement and grade outcome. Journal of Information 

Technology Education: Research, 20, 385-403. https://doi.org/10.28945/4817 

Wolhuter, C., & Langa, P. (2021). Management and governance in higher education: 

South African universities under siege. Acta Paedagogica Vilnensia, 46, 105–118. 

https://doi.org/10.15388/ActPaed.2021.46.7 

 

Yoo, J. (2025). Employee intention and resistance to AI policies: perceived injustice, 

moral outrage, and social influence from an activity theory 

perspective. Behaviour & Information Technology, 1–27. 

https://doi.org/10.1080/0144929X.2025.2581857   

 

Yu, K., & Motlhabane, M. G. (2022). WhatsApp’s potential to broaden online 

teaching and learning: Perceptions of undergraduate students from one South 

African university. Journal of Information Technology Education: Research, 21, 

547-569. https://doi.org/10.28945/5031 

Zhu, R., Alias, B. S., Hamzah, M. I. M., & Hamid, M. R. A. (2024). A threefold 

examination of university digital leadership, teacher digital competency, and 

teacher technology behavior for digital transformation of education. 

International Journal of Learning, Teaching and Educational Research, 23(10), 

272–289. https://doi.org/10.26803/ijlter.23.10.13 

 

 

 

 

 

 

 

 

 

https://doi.org/10.1177/0266666915603224
https://doi.org/10.28945/5221
https://doi.org/10.28945/4817
https://doi.org/10.15388/ActPaed.2021.46.7
https://doi.org/10.1080/0144929X.2025.2581857
https://doi.org/10.28945/5031
https://doi.org/10.26803/ijlter.23.10.13


 

 

 

 

 

 

 

 

Page 54 (59) 

 

Appendices 

Appendix A: Declaration on the use of AI in the master 

thesis 

Purpose of generative AI use 

ChatGPT has been used to give suggestions on why we cannot access Scopus 

search to find articles for the literature review section. ChatGPT has been 

used to help generate correct APA citing style for most articles as the 

journals do not provide ready-to-use APA citations.  

 

Extent of generative AI use 

ChatGPT was used for technical purposes: explaining the lack of access to 

articles on some academic portals and for formatting purposes: generating 

correct referencing style and checking APA format. ChatGPT only impacts 

the formatting. 

 

Impact of generative AI use: doing the references is much faster 

 

Personal contribution: I organized meetings with the supervisor, participated 

in the discussions actively and edit our paper for the second submission.  

 

Ethical considerations of generative AI use 

We ensured ethics in using AI as assistance in this thesis by not using AI in 

important tasks such as writing and finding articles because AI does not 

provide trustworthy academic sources.  

 

Reflection on non-use of generative AI (if applicable) 

We did not use AI: firstly, in brainstorming topics because the topic we 

selected was a topic predetermined by a supervisor (we saw the 

advertisement to conduct the thesis on this topic and we applied to the job). 

Secondly, parts of data came from the supervisor’s source, and part of it 

(interview method) was the result of our discussion with the supervisor. 

Thirdly, as data source and topic had been decided, we brainstormed with 

our supervisor about the methods and framework. Then, as core ideas were 

agreed on, we started writing based on information we got from the articles. 

The supervisor provided feedback on how to narrate each part, we edited our 

writing based on that. Discussions with supervisors were much more helpful 

than discussing with AI because the feedback comes from experts, their 

answers are directly associated to our topic. Besides, we had written 

academic papers and journal articles before AI tools came out, so we use our 

own experiences.  
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Appendix B: Description of the work division between 

authors 

General Description of Collaboration 
Both of us worked together from brainstorming to initiating meetings with supervisors, 

to writing. In the beginning, we met more than once a week, but once we got used to 

the tempo of work, we met based on needs.  

 

Division of Work Across the Thesis Work 
I and Minsun agreed to divide sections to work on: I am in charge of introduction 

and background, methodology and quantitative analysis. My partner is in charge of 

framework, qualitative analysis of interviews. Both of us together work on literature 

review, discussion of findings, implications and conclusion because these parts need 

to be written in a consistent way and both need to understand the whole paper in 

general. We wrote in the same online document and double checked with each other, 

we had discussion depending on the needs.  

 

Individual Contributions 
Author A – Ngoc  
Ngoc wrote introduction, background, parts of methodology, quantitative analysis, 

parts of literature review, parts of discussion and conclusion, and final editing.  

Author B – Minsun  
Minsun wrote theoretical frameworks, qualitative analysis of interviews, parts of 

literature review, parts of methodology, parts of discussion and conclusion, editing 

wording.  

 

Statement of Agreement 
I confirm that all authors agree that this description accurately reflects the division 

of work and individual contributions in the thesis. I would like to state that all authors 

have reviewed and approved the content of this appendix.  
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Appendix D: Excerpt of data analysis 

Level of prediction for AI transformation 
 

Coefficients of independent variables on AI transformation 
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Appendix E: Interview Questions and Participant 

Consent Form 

Consent form for taking part in Exploring the Digital Transformation of 

Higher Education Institutions: A Global Perspective 

 
Our research explores how higher education institutions have adapted their teaching 

and learning strategies in response to digital transformation following the COVID-19 

pandemic, with a particular emphasis on the implication of Artificial Intelligence (AI) 

in education. We are gathering insights from educators and learners to better 

understand how institutional AI tools impact perceptions of teaching and learning, 

and we would like to invite you for an individual interview (see the questions 

attached). 

 

By signing this consent form, you approve that data provided by you is processed 

within the frame of the thesis/study described above. You can withdraw your consent 

at any time by contacting one of the contact persons below. In that case, the data will 

not be saved or processed any longer without other lawful basis. 

 

The data that will be collected from you is a recorded interview. It will take 

approximately 30 minutes via Zoom. The data will be processed until the end of the 

examination process. The data collected during this study will be accessible only to 

the students conducting the research, the thesis supervisor, and the examiner, and will 

be used solely for the purposes of completing the thesis. All collected data will be 

deleted once the thesis has been formally approved and the examination process is 

complete. 

 

You always have the right to request information about what has been registered about 

you and to comment on the processing of the data that has been collected by 

contacting one of the contact persons below or the higher education institution’s 

personal data ombudsman on dataskyddsombud@lnu.se. Complaints that cannot be 

solved in dialogue with Linnaeus University can be sent to the Swedish Authority for 

Privacy Protection. 

 
………………………………  ……………………………… 

Signature     City and date 

 

………………………………  

 

Students:  

Minsun Jung     Minh Ngoc Do    

mj224vw@student.lnu.se                    md223me@student.lnu.se 

 

Supervisors: 

Marcelo Milrad                Soumitra Chowdhury                         
marcelo.milrad@lnu.se                       soumitra.chowdhury@lnu.se 

mailto:dataskyddsombud@lnu.se
mailto:mj224vw@student.lnu.se
mailto:md223me@student.lnu.se
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[Interview Questions for Educators] 

 

 

Q1.  Are you aware that LNU provides access to the generative AI tool 

Microsoft Copilot, or that you can use Scopus AI? 

 

Q2. Have you used Microsoft Copilot and Scopus AI in your teaching or 

academic work? If so, which one(s) and for what purposes? 

 

• If you haven’t used these tools despite being aware of them,  

what is the reason for that decision? 

 

• If you chose to use some other AI tools,  

what motivated you to try them? 

 

Q3. Do you feel any explicit or implicit pressure from colleagues, students, 

or university’s leaders to adopt generative AI tools in your teaching or 

academic activities? 

 

Q4. Do you think the university’s support for Copilot or Scopus AI makes 

AI tools more acceptable or legitimate in education? 

 

Q5. Has the university provided any training or guidelines for using 

generative AI tools in teaching? If so, how helpful have these been? 

 

Q6. In what ways, if any, do you think generative AI is changing your role 

as a teacher or your teaching strategies? 
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[Interview Questions for Students] 

  

 

Q1.  Are you aware that LNU provides access to generative AI tool Microsoft 

Copilot, or that you can use Scopus AI? 

 

Q2. Have you used Microsoft Copilot and Scopus AI in your studies, If so, 

which one(s) and for what purposes? 

 

• If you haven’t used these tools despite being aware of them,  

what is the reason for that decision? 

 

• If you chose to use some other AI tools,  

what motivated you to try them? 

 

Q3. Do you feel any explicit or implicit pressure from classmates or teachers 

to use generative AI tools in your teaching or academic activities? 

 

Q4. Do you think the university’s support for Copilot or Scopus AI makes 

AI tools more acceptable or legitimate in education? 

 

Q5. Has your university provided any training, workshop or guidelines on 

how students can use using generative AI tools in learning? If so, how 

helpful have these been? 

 

Q6. In what ways, if any, do you think generative AI is changing how you 

study or approach your academic work? 

 

 
 

 

 

 

 

 

 

 

 

 

 


