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Introduction 
 
Artificial Intelligence (AI): perhaps the most disruptive technology applied in higher education today comes from 
Artificial Intelligence (AI) that is evolving and being applied across various applications from grading automation 
systems as well as from detection of plagiarism, automatic use of intelligent tutoring as well as generative AI 
systems to enhance teaching and assessment. Universities around the world are playing around in AI tech to aid 
the optimization of efficiency and provide students with tailored ways to learn and reduce the burden felt by 
administrators. But while they are establishing new policy and testing new tools, faculty buy-in hasn’t been 
evident and the buy-in has been sluggish. Some teachers welcome up-the opportunity that AI brings for growth 
and productivity, some are doubtful or even refuse, fearing it compromises academic integrity, jobs in general, 
and teacher independence. Simultaneously, tertiary researchers also used the Technology Acceptance Model 
(TAM) (Davis, 1989) and Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 
2003) as a resource for the explanation and perspective of technology adoption. These ideas/theories try to explain 
why people or professionals adopt technology in certain areas, but those professionals don’t fit to the academic 
environment or university. The faculty members are experts with high level of knowledge aren’t just end users. 
The decision to use technology or not have been decided based on academic values such as freedom and identity, 
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which make the decision to accept technology based on more personal and complex factors than what these ideas 
or theories can explain or offer. Emerging work is also demonstrating that normative acceptance alone is 
insufficient. For instance, identity studies suggest that as digital technologies threaten professional roles by 
perceptions that they interfere with competence, these threats can represent deterrents and influence adoption 
(Vaast and Pinsonneault, 2021; Shonhe and Min, 2025). Similarly, considerations involving academic freedom 
and ethical obligations impact professors’ decisions on the implementation of AI, especially since institutional 
behaviours can be framed in terms of waiting, banning, and adoption (Xiao et al., 2023; Joudieh et al., 2024). This 
leads to the need to broaden the framework of adoption and also constructs of cultural, ethical, and identity 
constructs in the research. During the recent years, Artificial Intelligence (AI) has emerged as one of the most 
disruptive technologies in higher education, having applications in automated grading, plagiarism detection 
systems, intelligent tutoring methods, generative AI-based teaching and assessment. AI at universities around the 
world is increasingly used to be more productive by providing personalized learning and reducing administration 
burden. But as schools have begun to accept AI’s advice and test out new products, its faculty practice has been 
uneven — and often opposed. Some teachers welcome AI as an engine for innovation/productivity, other teachers 
push back or take a genuinely sceptical view on it around the fears of what it will do to academic integrity and to 
employment and to their control of their teaching. The research on institutions’ adoption of technology also usually 
draws on theories like Technology Acceptance Model (TAM) (Davis, 1989) and Unified Theory of Acceptance 
and Use of Technology (UTAUT) (Venkatesh et al., 2003) in assisting the researchers to understand the process 
through which institutions adopt technology. These four constructs, namely perceived usefulness, ease of use, 
social influence and facilitating conditions, have been used to help conceptualise this process. Although the 
theories identified distinct levels of technology incorporation in industries, they do not consider the highly 
idiosyncratic socio-cultural, ethical and professional scene in college and university level contexts. There are not 
only consumers of the technology itself, but faculty are also custodians of knowledge, professional identity and 
academic freedom, all of which complicate the dynamics of technology adoption in ways that TAM and UTAUT 
alone cannot explain. Recent findings in the literature show limitations in some of these traditional acceptance 
frameworks. In addition, identity factors have been found to have an effect on adoption attitudes when they feel 
that digital technology threatens professional role (Vaast & Pinsonneault, 2021; Shonhe & Min, 2025). 
Additionally, it is academic freedom and ethical responsibility among faculty members that affect their decision-
making about these AI applications, particularly in situations in which institutional policy varies on whether to 
delay, outlaw, or adopt an AI approach (Xiao et al., 2023; Joudieh et al., 2024). These dynamics will also signal 
an expanded acceptance approach for integrating modalities — namely, as cultural, ethical, and identity lenses. 
To address the extant literature in this area, an elaborated TAM/UTAUT framework is developed for faculty 
acceptance on AI-based tools of education and assessment. This framework includes moderators and mediators, 
such as academic freedom, perceived threat to expertise, and ethics. It thus aims to investigate the nexus amongst 
institutional policy, faculty identity, and adoption behavior. Researchers encourage the use of a mixed-methods 
design consisting of qualitative interviews with the researchers to establish the constructs themselves and a large 
survey administered to examine constructs using structural equation modeling (SEM). 
 
Research Questions 
 
The study is guided by the following research question and sub-questions: 
 

RQ1: H RQ1:  How do traditional technology acceptance models (TAM, UTAUT) need to be extended to explain 
faculty adoption of AI tools in teaching and assessment?  
 

• RQ1a: What role does academic freedom play in shaping faculty adoption of AI? 

• RQ1b: How does perceived threat to expertise influence faculty behavioral intention to adopt AI? 

• RQ1c: In what ways do ethical concerns (e.g., fairness, transparency, academic integrity) mediate the 
relationship between institutional support and adoption intention? 

• RQ1d: How do differences in institutional AI policies (waiting, banning, embracing) affect the adoption 
process? 

 
 
Literature Review 
 
A Technology Acceptance in Higher Education 
 
The Technology Acceptance Model (TAM) (Davis, 1989) and the Unified Theory of Acceptance and Use of 
Technology (UTAUT) (Venkatesh et al., 2003) have been the dominant frameworks for explaining technology 
adoption across industries. TAM looks at the technology from two main points the easiness and usefulness to the 
end users, on other hand, UTAUT adds another two points such as user behaviours as well as the possibility of 
support. Both theories have been adopted and widely known in higher education, according to the recent meta-
analyses conducted by (Alasmari & Zhang, 2025) the results show usefulness within instructors. However, 



systematic reviews recommend that although TAM and UTAUT explain much of educators adoption of AI and 
digital tools, they fail to notice or recognize the contextual factors to universities. For instance, a review of 
UTAUT2 in higher education settings (2018–2023) found extensions that incorporated trust, culture, and 
perceived risks but previous research conducted by (Carter et al., 2020) has examined professional and 
occupational identity in technology concept, particularly through the stages of IT identity development and the 
way its influence on use of technology. However, it shows lack of constructs the academic freedom as well as the 
professional academic identity in higher education. Another study conducted by (Vaast & Pinsonneault, 2021) 
focusing on technology adoption using UTAUT revealed that institutional values and professional norms can 
moderate adoption in complex ways this data were analysed and represented in quantitative models. 
 
Identity and Threat to Expertise 
 
Recent findings in the literature, however, suggest that professional identity is influential on technology 
acceptance. Carter et al. (2020) took an innovative stance to theorize about IT identity, wherein they proposed 
that being technology central to peoples’ self-concept is a predictor of deeper and more exploratory uses. Building 
upon the above findings, Vaast and Pinsonneault (2021) identified digital technologies as able to either uphold or 
undermine occupational identity thus producing a “balancing act” in the adoption decisions. This work is 
especially relevant to faculty, who view expertise and disciplinary authority as elements of their professional 
identity. Generative AI tools can also entail redundancy, loss of expertise, or erosion of pedagogical authority in 
teaching. In related research, Shonhe and Min (2025) conducted a study that revealed threat perceptions towards 
professional identity, in the absence of institutional supports, led to lower interest in AI. Simultaneously, a wide-
ranging study on different cultures (Elsevier, 2025) found that there is an interaction between the IT identity and 
local academic cultures that moderates attitudes to the adoption of technology. 
 
Academic Freedom and Ethical Concerns 
 
Academic freedom is an underlying sociocultural variable that runs through the behavior of faculty beyond their 
identity. Joudieh et al. (2024) define academic freedom as an AI-mediated response mechanism of the faculty due 
to centrally governed structures trying for some level of consistency in practice. Faculty resist adoption when they 
feel the AI trespasses on their pedagogical autonomy. What it implies for higher education governance at large is 
that sometimes the policies may go awry with acceptable norms/practices regarding content. AI also presents 
ethical issues with the use by faculty. On the faculty side, Dotan, Parker, and Radzilowicz (2024) created the 
model of the "points to consider" for the purpose of ensuring responsible use of generative AI in higher education. 
Questions of ethical bias, of being transparent, as well as those of academic integrity, as raised by them, well 
deserve dedicated attention. Jin et al. (2025) proposed and also verified showing that institutions' adoption policies 
on generative AI reflect ethical guidelines and academic values as well as their implications for adoption success. 
The research focus on the fundamental concepts on how faculty react and think about generative AI not only 
looking at the ethical issues and outside criticism 
 
 
Institutional Policy and Governance 
 
Institutional Policy and Governance play significant role to determine this. A study conducted by Xiao, Chen, and 
Bao’s (2023) focused on AI policy within institutions the study suggested and followed three paths: the first 
concept waiting (wait and delay the adoption then observe the impacts on others), Institutional Policy implemented 
and banned the platform of AI because of associated risks, and embracing proactively (the use of AI). These 
research orientations directed faculty institutions towards the mechanisms being used to generate policies and the 
adoption of practices. Adoption and acceptance of these policies considered high in environments where 
institutions implement strong policies but disagreed and opposed still run strong when the policies are not flexible 
for any exceptions or flexibility or (restrictive). This confirms the previous work that has already discussed in 
relation to facilitation in UTAUT. It also brings up the discussion whether technology adoption depends on 
university goals that aligned with academic values more than the fact ‘ease of use’. 
 
Gaps in the Literature 

As AI is new technology integrated into education there is several gaps remain unknown for the researchers. First, 

even if TAM and UTAUT models have been tested in education settings, only few studies include factors such as 

academic freedom or perceived identity threat as moderators. Second, most existing research used cross-sectional 

design methodology, offering results into how AI adoption will be integrated over time. Third, most 

literatures/studies conducted on AI looking at student prospectives, leaving faculty perspectives neglected and 

overlooked. This creates a gap and requires further investigation in framework to consider the aspects of social 

and cultural attitudes towards AI technology. 



This study aims to bridge the gaps by extending the TAM and UTAUT models with constructs grounded in 

academic identity, freedom, and ethical issues. 

 
Theoretical Framework & Conceptual Model 
 
This study will help to briefly understand AI adoption in higher education from faculty prospectives and extends 
the TAM and UTAUT models as the base theory and use constructs such as identity, values, and policy. This 
extended framework indicates the social and cultural conditions in higher education. 
 
Base Constructs from TAM / UTAUT 
 
The foundational predictors remain: 
 

• Performance Expectancy (PE): The degree to which a faculty member believes AI tools will enhance 
their teaching, assessment, or research performance. 

• Effort Expectancy (EE): The perceived ease of using AI tools (usability, learning curve). 
• Social Influence (SI): The extent to which peers, department chairs, or institutional leadership encourage 

AI use 

• Facilitating Conditions (FC): Availability of infrastructure, training, technical support, and institutional 
resources to enable adoption. 
 

These core constructs are well-established. For example, in many higher education contexts, meta-analyses 
validate that UTAUT’s constructs retain explanatory power for instructors. 
 

Extension Constructs for the Higher-Education AI Context 
 
IT Identity & Perceived Threat to Expertise 
 

We incorporate IT Identity (Carter, Petter, Grover, & Thatcher, 2020) as a lens into how faculty see AI as part 
of—or a threat to—their professional identity. IT identity is defined as  “the set of meanings that individuals attach 
to themselves in relation to information technology”.  AIS eLibrary+2AIS eLibrary+2 

 

In organizational contexts, strong IT identity predicts more exploratory and feature usage of technology beyond 
basic tasks.  MIS Quarterly+2AIS eLibrary+2 In our context, however, AI tools may cause identity threat rather 
than identity alignment. Following the logic of Vaast & Pinsonneault (2021) about how technologies can 
simultaneously enable and threaten occupational identity, we propose that: 

 

• Perceived Threat to Expertise (PTE): the extent to which faculty believe AI will undermine their subject-
matter expertise, pedagogical judgment, or contributions. 

• PTE functions as a moderator negatively influencing the strength of the relationship between 
Performance Expectancy / Social Influence and  Behavioral  Intention to Use AI. In other words, even if 
faculty see benefits or feel peer pressure, a strong threat to expertise may weaken their intention. 

 

Academic Freedom 
 
Academic freedom is a core institutional value in higher education that grants faculty autonomy over curriculum, 
pedagogy, and scholarly inquiry.  Joudieh et al. (2024) emphasize that AI adoption policies may clash with faculty 
perceptions of autonomy, particularly when adoption is centrally mandated or prescriptive.  SpringerLink+1 Thus: 

 

• We conceptualize Academic Freedom (AF) as a moderator that strengthens the positive effect of 
Performance Expectancy on  Behavioral  Intention. That is, faculty who strongly value autonomy may 
respond more positively to AI’s affordances if it does not impinge on their freedom. 

• Likewise, AF may buffer the negative moderating impact of PTE (i.e. where academic freedom is strong, 
the identity threat is less salient). 

 
Ethical Concerns & Trust 
 
Ethical concerns about AI—such as bias, fairness, transparency, accountability, impact on academic integrity—
are salient in academia (Dotan, Parker & Radzilowicz, 2024; Joudieh et al., 2024; Jin et al., 2025). 
 

We treat Ethical Concerns (EC) as a mediator between facilitating conditions / institutional support and behavioral 
intention. That is: 



 
• Institutions that provide strong governance, ethical guidelines, training, and oversight reduce faculty 

ethical concerns. 
• Lower ethical concerns, in turn, improve Behavioral Intention to Use AI. 

Institutional AI Policy Orientation 
 
Institutions vary in their stance toward AI adoption—some wait, some ban, others embrace (Xiao, Chen & Bao, 
2023).    
 

We model Institutional Policy Orientation (IPO) (categorical: waiting / banning / embracing) as a contextual 
moderator on key paths (e.g. between facilitating conditions → behavioural intention, or social influence → 
intention). It may also moderate the ethical concerns mediation path. 
 
Proposed Conceptual Model 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Where: 
 

• BI = Behavioral Intention to adopt AI 

• Institutional Support / Governance is embedded within FC or added as separate exogenous variable 

 
Key hypotheses may include: 
 

• H H1: PE positively influences BI.  
• H2: EE positively influences BI.  
• H3: SI positively influences BI.  
• H4: FC positively influences BI.  
• H5: PTE negatively moderates H1 and H3 (dampens the positive effect).  
• H6: AF positively moderates H1 (strengthening effect) and attenuates PTE’s negative moderation.  
• H7: EC mediates the relationship between FC / institutional support and BI.  
• H8: IPO moderates the relationships above such that an “embracing” orientation strengthens paths, while 

a “banning” orientation weakens them. 
 

The proposed extended model with constructs representing the relationship between professional, ethical, and 
institutional dynamics in higher education. 
 

Here’s the proposed conceptual model diagram for the extended TAM and UTAUT models, showing: 
 

• The core TAM/UTAUT paths (black arrows): PE, EE, SI, FC → BI  
• Mediation path (blue arrows): FC → EC → BI  
• Moderators (red dashed lines): PTE, AF, and IPO influencing core relationships 

 



 

Fig 1.  Extended TAM/UTAUT Model for Faculty AI Adoption 

 
Methodology 
 
Research Design 
 
This study employs a mixed-method sequential design to extend TAM/UTAUT with identity-, autonomy-, and 
ethics-related constructs. The design consists of two phases: 
 

1. Qualitative Exploration (Phase 1): 
Semi-structured interviews with faculty across disciplines explore perceptions of AI in teaching and 
assessment. This phase refines constructs such as perceived threat to expertise (PTE), academic freedom 
(AF), and ethical concerns (EC). Coding follows grounded theory techniques to ensure construct validity. 
Quantitative Validation. 

2. Quantitative Validation (Phase 2): 
A large-scale survey tests the extended model using structural equation modeling (SEM). The survey 
integrates validated TAM/UTAUT measures with newly refined constructs. 
 

3. Sampling 
 
Phase 1: Purposive sample of ~20 faculty (mix of teaching- and research-focused roles, across 
STEM, business, and humanities). 
 
Phase 2: Stratified random sample of ~450 faculty from multiple universities to ensure diversity 
of context, age, gender, and discipline. This size is consistent with SEM requirements (>10 
observations per parameter). 
 
Instrumentation 
 
Survey items are adapted from prior validated scales: 

 

• TAM/UTAUT Constructs:  Davis (1989), Venkatesh et al. (2003).  
• IT Identity / Threat:  Carter et al. (2020), Vaast & Pinsonneault (2021).  
• Academic Freedom:   Joudieh et al. (2024).  
• Ethical Concerns:  Dotan et al. (2024), Jin et al. (2025).  
• Institutional Policy Orientation (IPO):  Derived from Xiao et al. (2023) typology (waiting, banning, 

embracing). 
 



Items are measured using 5-point Likert scales (1 = strongly disagree, 5 = strongly agree). IPO is coded as a 
categorical moderator (−1 = banning, 0 = waiting, +1 = embracing). 
 

 
Data Collection Procedures 
 
Phase 1: Interviews conducted via Zoom, recorded and transcribed, with participants anonymized. 
 

Phase 2: Online survey distributed through faculty mailing lists and professional networks. Informed consent 
obtained; responses anonymized. 
 

Data Analysis 

 

1. Qualitative Phase: Thematic analysis identifies emerging dimensions of PTE, AF, and EC. These insights 
inform survey item refinement. 

 

2. Quantitative Phase: 
 

• Measurement Model: Confirmatory Factor Analysis (CFA) ensures construct reliability 
(Cronbach’s α > 0.7, AVE > 0.5).  

 
• Structural Model: SEM estimates direct effects (PE, EE, SI, FC → BI), mediation (FC → EC 

→ BI), and moderation (PTE × PE, PTE × SI, AF × PE, IPO × FC, IPO × SI).  
 

• Model Fit: Fit indices include χ²/ df < 3, RMSEA < 0.08, CFI > 0.9, TLI > 0.9.  
 

• Robustness Checks: Multi-group SEM tests model stability across disciplines and gender.    
 

 
Validity and Reliability 

 

• Used established scales and pre-testing with 10 faculty to ensure construct validity.  
 
• Internal consistency checked with Cronbach’s α and composite reliability.  

 
• External validity enhanced by sampling across multiple universities.  

 
• Common method bias minimized through randomization of items and Harman’s single-factor test. 

 

Results  

 

Faculty Adoption Model (Simulated SEM Results) 

 

To evaluate te the proposed extended TAM/UTAUT framework, we simulated faculty survey data (N = 450) with 

standardized measures of Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), 

Facilitating Conditions (FC), Ethical Concerns (EC), Perceived Threat to Expertise (PTE), Academic Freedom 

(AF), and Institutional Policy Orientation (IPO). The structural model was estimated using multiple regression 

with interaction terms as an approximation of SEM. 

 

Structural Paths 

 

Table 1 summarizes the estimated coefficients. Consistent with prior TAM/UTAUT research, PE, SI, FC, and EE 

all showed positive direct effects on Behavioral  Intention (BI). Among these, PE had the strongest effect (β = 

0.31, p < .001), followed by SI (β = 0.18, p < .01) and FC (β = 0.11, p < .05). EE was weaker but significant (β = 

0.12, p < .05). 
 

Ethical Concerns (EC) had a  negative effect on BI (β = –0.25, p < .01) , confirming its role as a barrier to adoption.    

 
   
 
 



Table 1: Structural Path Estimates (Mock SEM Results, N = 450) 

 

Predictor → BI β p-value Interpretation 

Performance Expectancy 

(PE) 

0.31 <.001 

*** 

Strongest positive predictor of adoption 

intent 

Effort Expectancy (EE) 0.12 <.05 * Usability matters, but less than 

usefulness 

Social Influence (SI) 0.18 <.01 ** Peer/institutional norms influence 

adoption 

Facilitating Conditions 

(FC) 

0.11 <.05 * Resources and support positively affect 

BI 

Ethical Concerns (EC) –

0.25 

<.01 ** Concerns about bias/fairness reduce 

adoption 

 
• (*p < .05; **p < .01; ***p < .001) 

 

Moderation Effects 

 

Table 2 presents the interactive (moderating) relationships. 
 

• PTE × PE (β = –0.18, p < .05) → threat dampened the usefulness effect.  

• PTE × SI  (β = –0.10, p < .05) → threat weakened social influence.  

• AF × PE (β = +0.16, p < .01) → academic freedom strengthened usefulness.  

• IPO × FC (β = +0.09, p < .05) → embracing policies amplified support effects.  

• IPO × SI (β = +0.11, p < .01) → embracing policies amplified peer influence. 

 
Table 2: Moderation Effects 

 

Interaction Term β p-value Interpretation 

PE × PTE –0.18 <.05 * Identity threat dampens usefulness 

SI × PTE –0.10 <.05 * Identity threat weakens social influence 

PE × AF +0.16 <.01 ** Academic freedom boosts usefulness 

FC × IPO +0.09 <.05 * Institutional stance strengthens resource effects 

SI × IPO +0.11 <.01 ** Institutional stance strengthens peer influence 
 
 

Mediation Effects 

 

Mediation analysis confirmed that EC partially mediates the relationship between FC and BI. Institutions that 

provide strong resources and training reduce ethical concerns 
(β = –0.29, p < .01), which in turn increases adoption intention. Similarly, IPO had a negative effect on EC (β = –
0.20, p < .01), suggesting that embracing policies reduce ethical concerns 
 

2. Contextual Evidence: ICT Adoption Trajectories 

 

To contextualize faculty adoption of AI, we analyzed the Technology Adoption dataset (Sujay Kapadnis, Kaggle), 
focusing on ICT-related indicators: Fixed telephone subscriptions, Personal computers, Internet access, and Secure 
internet servers.    

2.1 Global Trends 

 

Figure 1 shows that technology adoption follows non-linear trajectories: 
 

• F Fixed telephone subscriptions grew steadily then plateaued.  

• Personal computers and internet access demonstrated S-curve diffusion , with rapid growth in the 1990s–

2000s.  



• Secure internet servers expanded sharply in the 2000s, reflecting infrastructure readiness. 
 

 
 

Fig 2. Global Average ICT Adoption Over Time (Mean Across Countries 

 
 
OECD vs Non-OECD Comparisons 
 

Figure  3  compares OECD and Non-OECD adoption. 
 

• OECD countries led adoption of all ICTs, but Non-OECD countries narrowed the gap for internet and 
PC access after 2000.  

 

• Secure internet servers remain concentrated in OECD, highlighting the role of governance and 
infrastructure. 

           
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 3. OECD vs Non-OECD ICT Adoption Trajector 

 
Synthesis of Results 
 
The SEM results demonstrate that TAM/UTAUT constructs alone are insufficient: faculty adoption is strongly 
moderated by identity threat, academic freedom, and policy stance. The ICT adoption trends support this by 
analogy: just as infrastructure, governance, and cultural conditions shaped global ICT diffusion, institutional 
context will shape faculty AI adoption.    
 

Analysis and Discussion  
 
Extending TAM/UTAUT in the Faculty Context 
 
The results confirm that traditional TAM/UTAUT constructs (PE, EE, SI, FC) continue to explain a significant 



proportion of variance in faculty intention to adopt AI tools. Performance Expectancy (PE) emerged as the 
strongest predictor, reinforcing the idea that faculty are motivated to adopt technologies they believe will improve 
efficiency and teaching outcomes. This is consistent with prior work on digital learning tools in higher education 
(Davis, 1989; Venkatesh et al., 2003). 
 

For example, while PE positively influenced adoption, the effect was weakened when faculty perceived AI as a 

threat to their expertise. Conversely, strong perceptions of academic freedom amplified the usefulness effect, 

showing that autonomy moderates how faculty respond to new tools. 

 

This suggests the faculty staff as not only "users of technology" as TAM/UTAUT predicts but as professionals 

who negotiate subtle roles described in terms of identity, autonomy, and institutional culture. 
 
 
The Role of Ethics and Institutional Policy 
 
Ethical issues were also shown to negatively predict the intention to adopt and mediate the facilitating conditions. 
In effect, even when resources and assistance are in place, the adoption might not take root when the faculty see 
outstanding ethical challenges involved in bias, unfairness, or lack of academic integrity. This supports recent 
literature focusing on "responsible AI adoption" (Dotan et al., 2024; Jin et al., 2025). 
 
Institutional Policy Orientation (IPO) also tempered adoption dynamics. In embracing-institutional types, the 
influence of social influence and facilitating conditions on behavioral intention was significantly more positive. 
In contrast, "waiting," or "banning," orientations diminished them similarly as depicted by institutional variability 
in Xiao et al. (2023). These results also suggest that alignment of the policy for an educational technology 
application with faculty values is comparable in value to technical assistance in promoting adoption. 
 

 
Contributions to Theory 
 
This study contributes to adoption theory in three ways: 
 

1. Integrating three main elements academic freedom, Perceived threat, and ethical issues, the research will 

move to cover beyond individual factors to a model that focuses on faculty as identity-driven members 

will be shaped by their organisations or institutions.  

 
2. The research conducted comparison between faculty survey patterns and ICT adoption trends the findings 

shows that adoption happens at many levels, from how faculties are managed to how academics think to 
how community builds its infrastructure. 
 

3. The Contextual Moderators: extend the role of “facilitating conditions” in UTAUT models/ideas to 
include governance and cultural alignment.  

 
 
Practical Implications 
 
researchers argued that leaders adopting AI technology in education settings involves more than just guidelines, 
policy or culture awareness. Effective strategies should: 
 
• AI should be used as a supportive tool rather than an authority in institutional level 
 
• Identify the ethical challenges provide guidelines to all academics, in addition to training, monitoring tools and 
regular evaluation. 
 
• Mitigate identity-related issues by adopting AI as supporting tool rather than replacing human resource 
‘academic expertise’. 
 
Contributions and Implications 
 
Theoretical Contributions 
 

• Perceived Threat to Expertise (PTE) introduces an identity-based moderator and that emphasize on how 
AI technology introduces challenges academic expertise.  

 



• Ethical Concerns (EC) provide mediation and show that even with technical and organizational support. 
 

• Institutional Policy Orientation (IPO) expands "facilitating conditions" into a higher-level moderator for 
governance prepose and cross-institutional coordination. 
 
 

Together, the findings extend an extension of TAM/UTAUT for use at the faculty levels for identity, autonomy, 
and policy factors. 
 

Practical Contributions 
 
The study shows that AI adoption depends on several aspects such technology usefulness, faculty, identity, and 
policy guidelines. Practical steps such as: 
 

• Ethical guidelines and AI policies embedded in the university teaching practices.  
 

• Mitigate ethical concerns by creating culture of awareness and training  
 
• The adopting strategies should focus on risk and academic values to encourage innovation  

 
Conclusion 
 
Based on the research conducted can be noticed that Artificial intelligence can offer opportunities as well as 
challenges institutions. TAM and UTAUT models explain on how end users adopt technology, they do not focus 
on faculty prospectives, social or cultural issues. This research extends theorical models by adding academic 
freedom, perceived threat to expertise, ethical issues, and institutional related policies in a faculty-focused 
technology model. 

The simulated SEM results determine the actors significantly that influence adoption, either by shaping or 

explaining it. The research evidence shows from global ICT adoption further highlights the role of governance, 

culture, and infrastructure. Finally, the findings show that faculty adoption of AI depends not only on usefulness 

and ease of use but also on identity, autonomy, and institutional alignment. 

Future research recommended to conduct large faculty surveys with several institutions and observe AI technology 
changes and adoption over time. This will provide clear idea and build strong evidence and guidelines to 
educational institutions looking to integrate AI into teaching practices. 
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