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This study addresses the need for responsible AI adoption in higher 
education by developing a human-centred ethical extension of the UTAUT2 
model. It integrates two new constructs; AI fairness and human autonomy 
support and three ethical moderators: ethical risk awareness, perceived 
algorithm bias and user autonomy concern. To validate the framework, an 
empirical investigation was conducted with 400 respondents using a 
structured questionnaire, with data analyzed via regression. All sixteen 
hypotheses were supported. The model demonstrated strong predictive 
power, explaining 72.2% of the variance in behavioural intention and 69.1% 
in use behaviour. The results provide meaningful insights into how ethical 
perceptions influence adoption. Ultimately, the framework offers practical 
guidance for policymakers, educators and developers to ensure fair, 
trustworthy and human-centric AI integration in learning environments. 
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A. Introduction 
The integration of Artificial Intelligence into higher education has accelerated 

in recent years, with institutions adopting intelligent tutoring systems, learning 
analytics and administrative automation to improve efficiency and learning 
outcomes. However, research highlights that this adoption often occurs without 
sufficient attention to ethical safeguards. A systematic review of AI in African 
higher education between 2020 and 2024 shows that while AI improves access 
and efficiency, critical concerns remain around data privacy and  academic 
integrity gaps [1]. Collectively, the literature demonstrates that existing adoption 
models like UTAUT2 insufficiently capture these ethical dimensions. While 
constructs such as performance expectancy and effort expectancy are important, 
ethical moderators such as fairness perceptions, autonomy concerns and 
awareness of algorithmic bias remain underexplored in higher education contexts 
[2]. This highlights a theoretical and practical gap, reinforcing the need for an 
ethically extended adoption model tailored to higher education AI integration. 
Simultaneously, studies show that academic staff are increasingly worried about 
the lack of guidelines and institutional support when deploying AI in educational 
settings.  

Artificial Intelligence is increasingly being integrated into higher education 
technologies, transforming teaching and learning as well as institutional 
operations. However, its adoption has largely been studied through models that 
prioritize utility, ease of use and behavioral intentions most notably the Unified 
Theory of Acceptance and Use of Technology 2. Such models often overlook the 
ethical and human-centered dimensions that are critical in educational contexts, 
where fairness, trust, transparency and respect for human autonomy are essential. 
As a result, current practices risk leading to biased decision making, compromised 
learner agency and diminished trust in AI systems when ethical considerations are 
not systematically embedded into adoption frameworks. The absence of an 
ethically extended adoption model creates both a theoretical and practical gap 
where higher education institutions lack structured guidance on how ethical 
perceptions and risks influence stakeholders’ willingness to adopt AI-driven 
EdTech responsibly. Without addressing issues such as algorithmic bias, fairness 
and autonomy support, AI adoption may reinforce inequities rather than enhance 
educational quality.  

This study therefore seeks to close this gap by developing and empirically 
testing a Human-Centered Ethical Extension of UTAUT2 that integrates fairness 
and autonomy constructs, as well as ethical moderators, to better explain and 
guide responsible AI adoption in higher education learning environments. Given 
the absence of ethical constructs in prevailing adoption models such as UTAUT2, 
this study focuses on understanding how ethical and human-centered dimensions 
shape AI adoption in higher education EdTech. Specifically, it examines the 
influence of newly introduced constructs that is AI fairness and human autonomy 
support on students’ behavioral intention to adopt AI-powered solutions. 
Furthermore, because perceptions of risk, bias and autonomy concerns are likely 
to shape adoption behaviors, the study investigates their moderating effects on the 
relationships between UTAUT2 constructs and behavioral intention. These 
considerations lead to the following research questions: 
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Research Questions 
The following research questions were designed to guide the paper: 
1) What is the influence of AI fairness and human autonomy support on 
behavoural intention to adopt AI-Powered EdTech solutions ? 
2) What are the moderating effects of ethical risk awareness, user autonomy 
concern and perceived algorithm bias on the relationships between UTAUT2 
constructs and the intention to adopt AI in higher  education EdTech. 
 

Related Works 
Artificial intelligence (AI) is playing an increasingly significant role in re-

shaping higher education especially with the emergence of generative tools like 
ChatGPT, Gemini and language models. These technologies have the capability to 
revolutionize student learning, teaching practices and how higher education 
institutions manage and evaluate learning processes [3]. In recent years, there has 
been a surge in the adoption of AI-powered tools in higher education, 
encompassing applications such as writing support, content generation, 
personalized tutoring, grading automation and interactive simulations [4]. 
Artificial intelligence in Education (AIED) has evolved into a rich and extensive 
body of literature encompassing a variety of perspectives. AI algorithms and 
robots have become essential components of learning management and training 
systems, providing support for a broad range of teaching and learning activities 
[5]. A wide range of AI applications in education (AIED) have emerged. For 
example, Khan Academy’s Khanmingo, an AI Tutor powered by GPT-4 provides 
learning support and intelligent feedback across various subjects such as 
mathematics, programming and language learning. Likewise, Duolingo, a language 
learning plaform, uses sophisticated AI systems to enhance the learning 
experiences for learners [6]. In the field of educational robots, Softbank Robotics 
Nao and Pepper robots are developed to serve as social robots for language 
teaching [7]. Recent statistics reveal that 43% of university students in the USA use 
AI tools such as ChatGPT, while half of instructors utilize AI to design their lessons 
[7]. 

The education sector has become a more and more data-driven sector but with 
critical challenges. Personal data is among the most sensitive data and therefore 
lack of privacy can harm certain group of users.To maintain privacy in AI there is 
need to be transparent and provide clear information about data collection, 
processing and obtaining user consent. In Human-Centered AI, users are given the 
privilege to manage their own privacy preferences and this empowers them to 
make informed decisions about sharing their personal data. Human-Centered AI 
prioritizes the designing of systems that minimizes the collection and use of 
personally identifiable information, thereby promoting the adoption of privacy-
preserving methods that protect sensitive data while enabling AI capabilities. HCAI  
aims to prevent unintended exposure of sensitive or personal data. 

Safety is another concept that emerged from Human-Centred AI literature. 
According to [8], safety is the state or condition of being safeguarded against harm, 
danger or injury from AI. Safety entails taking measures and implementing 
precautions to reduce risks and potential hazards while an HCAI system is being 
used. Safety measures in HCAI aim to establish an environment where potential 
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harm is minimized or eliminated together. Safety typically encompasses a wide 
range of dimensions such as physical safety, emotional safety, cybersecurity, 
occupational safety and public safety. Safety considerations involve recognizing 
and managing risks such as flawed decision-making, privacy violations or 
unintended consequences of AI systems. By incorporating various safety measures 
such as thorough testing, validation and risk assessment, HCAI strives to reduce 
harm and ensure safety. 

[9] noted that ethics scholars and policy makers now feel a sense of urgency as 
a result of the recent astounding advances in AI. [9] posits that morality and ethics 
in the context of technology are vulnerable to being instrumentalized, either by the 
industry via "ethics washing" or by academics and policymakers through "ethics 
bashing." The significance and purpose of ethics are lost if they are used as a 
performative front. Prior to the development or the launch of a product or service, 
ethical issues must be incorporated into the design process earlier [10]. From their 
view, ethics, specifically in the context of technology development, should be 
practical and the ethicist’s role would be as a designer. The ethicist would be 
adopting a pragmatic approach, which enables the integration of ethical 
considerations, to bring ethics into the research and design of artifacts. AI ethics 
must be approached with a cross-cultural perspective to achieve a more 
comprehensive understanding, as existing studies of AI globally tend to favor 
Western viewpoints and there is insufficient research, particularly beyond the U.S. 
and Western Europe [11]. Ethical AI encourages the creation of AI systems that 
follow ethical standards and frameworks. Therefore, it needs to be understood not 
as a specific value, but rather as an overarching goal to create ethically sound 
technology. The idea of AI ethics has emerged as a response to the abundance of 
societal and individual perils for individuals and society, caused by the abuse, 
misuse, poor design or unintended consequences of AI systems. By incorporating 
ethical considerations into the design and implementation of AI systems, Human-
Centred AI aims to safeguard against potential negative consequences and ensure 
that AI technology operates in a manner aligned with human values and societal 
well-being. In the subsequent paragraphs, we discuss three essential ethical values 
identified in the HCAI research: Dignity, Equity and Justice. 

Dignity refers to the respect for the intrinsic worth and worth of people 
throughout the development, deployment and use of HCAI systems. It consists of 
making sure AI systems respect human rights and act responsibly not demean or 
dehumanize people, but rather encourage and maintaining human integrity and a 
sense of worth experiences. [12] revealed that science, engineering, design and 
ethical principles aligned with human values, social justice and personal dignity 
will foster technologies that enhance human well-being and protect the 
environment. [11] discovered that unethical and irresponsible AI can undermine 
human dignity and distort the value systems of the most vulnerable populations 
that AI solutions aim to help. In their research investigating the sociotechnical 
foundations of human independence, [13] describe autonomy as a crucial element 
of human dignity. [14] argues that honoring the independence of others is 
commonly regarded as a societal duty offering dignity, an essential human value 
and moral principle. The fundamental right to dignity is understood as a human-
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centric value, which is an unchanging tenet that no AI system should ever violate 
throughout its existence [15]. 

Fairness pertains to the just treatment and lack of prejudice or discrimination 
in the design, creation, implementation and launch of AI systems [16]. If the system 
does not favour or harm people based on certain features such as age, race, gender 
or even socioeconomic status, then that system is regarded as a fair system. 
Fairness in AI systems promote equal access and equitable results for everyone. 
The significance of fairness in software design and HCAI has received attention as a 
very important area of study in software engineering studies [17]. Fairness is an 
important aspect to consider in the context of Human Centered Artificial 
Intelligence because algorithms have a tendency of treating people unfairly [18]. 
Previous studies on fair machine learning have been primarily centering on 
fairness for certain predefined group. The group fairness approach first selects a 
few groups defined by protected attributes for example gender or race and then 
asks for approximate equality of some statistic of life predictor like positive 
classification rate or false positive rate [19]. Another approach of assessing 
algorithmic fairness uses a variety of human contributions in the creation of 
computational models, going beyond predetermined categories. Since it is 
impossible to ensure all fairness criteria at once, trade-offs must be made. Human 
decision makers are important participants when determining which fairness 
definitions an algorithm should use and therefore, there is need for them to be 
involved always [18]. 

Previous studies on AI Ethics have mentioned justice as one of the key aspects 
to consider when studying AI Ethics and guidelines [20]. One encouraging sign for 
those who want to see HCAI used for social good is the growing interest in subjects 
related to human rights, social justice, ethical, social and economic design [21]. The 
AI ethics principles of the information and communications technology business 
"Fujitsu", for example, include the notion of justice, which states that the benefits 
of Al should be shared widely with everyone. It is necessary to include provisions 
for recovery and relief in addition to compensation for damages [22]. Everyone 
must be involved and given the chance to influence the process in order to advance 
justice and beneficence, especially marginalized groups, since this context has a 
significant impact on entrenched power structures and systemic culture [23].   

 
B. Research Method 

This section outlines the methodological approach adopted to examine the 
factors influencing the responsible adoption of AI-powered EdTech in Higher 
Education. It describes the research design, sample, data collection procedures and 
analytical techniques used to validate the proposed model. 

 
1) Theoretical Framework 

To examine and analyze the responsible adoption and acceptance of AI-powered 
EdTech in higher education, this study adopted the Unified Theory of Acceptance 
and Use of Technology(UTAUT2) as the foundational theoretical framework. This 
model originally developed and subsequently refined by Venkatesh and colleagues 
[24]; [25] has proven to be effective as an analytical tool for interpreting and 
understanding technology assimilation across various educational contexts. The 
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UTAUT2 model has been employed in numerous studies investigating various 
educational technologies, including but not limited to e-learning systems [11], 
mobile devices [26], and learning management systems [11]. The UTAUT2 model 
has also been investigated in other situations such as artificial intelligence, virtual 
reality technologies, online gaming, internet and mobile banking  [27]. Applying 
the UTAUT2 model in this study is anticipated to provide a holistic understanding 
of student engagement and acceptance patterns toward AI-powered EdTech in 
higher education, thereby contributing to the body of knowledge in this emerging 
field. This is further supported by [28] who highlighted that by applying the 
UTAUT2 model in the context of higher education, educators and administrators 
can make informed decisions about adopting new technologies, designing effective 
training programs and formulating strategies that promote technology acceptance 
and use among lecturers and students. The UTAUT2 model proposed by  [25] is 
shown in Figure 1 below. 
 
 

 
Figure 1: The Unified Theory of Acceptance and Use of Technology 2 

(UTAUT2). Source:  [25] 
 
2) Research Model and Hypotheses 

To address the unique requirements of the current study, we extend the traditional  
UTAUT2 by adding two new independent AI ethical constructs and three ethical 
constructs as moderators. The two newly added independent AI ethical constructs 
are AI Fairness (AF) and Human Autonomy Support(HAS). The justification for 
adding the two new constructs is that Fairness is a central concern in ethical AI 
and this is supported by EU AI Act. Human Autonomy Support was added because 
it is a priority in Human-Centered AI and it aligns with ethical principles. The 
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traditional UTAUT2 model was also extended by incorporating three new ethical 
moderators which are perceived algorithmic bias, ethical risk awareness and user 
autonomy concern. The three ethical moderators were added to ensure that new 
Ethically Extended UTAUT2 (EE-UTAUT2) model reflects responsible and human-
centered AI adoption where ethical values play a key role in user-decision making. 
The research model for this study, which is based on the theoretical underpinnings 
and literature review, is displayed in Figure 2 below. 
 

 
Figure 2: Ethically Extended Unified Theory of Acceptance & Use of 

Technology (EE-UTAUT2) 
 

Performance expectancy (PE) refers to the degree to which users believe 
technology will improve their task performance [24]. In higher education, PE 
refers to students’ belief that AI-powered EdTech solutions will enhance their 
academic performance [12]. [29] revealed that perceived usefulness influenced 
university students’ e-learning adoption in Sri Lanka. [30] revealed that university 
students in Turkey who perceived academic benefits in e-learning were more 
inclined to use them. 

Effort expectancy (EE) is the degree of ease associated with technology use. 
Effort expectancy for university students refers to how easy they find using AI-
powered EdTech solutions, including their user-friendliness and the learning effort 
required. Barriers to adoption are lowered by high effort expectancy, especially for 
university students with less technical skills. [29] reported higher acceptance of e-
learning systems when they were easy to operate. Effort expectancy is a key 
determinant for many university students who consider the use of educational 
technology [30]. 
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Social Influence (SI) is defined as the extent to which influential figures 
influence an individual’s decision to adopt a certain technology [25]. In higher 
education, SI reflects the pressure from lecturers and other students to use AI-
powered EdTech solutions. For example if one student speaks positively about an 
AI-powered EdTech solution, other students may feel pressured to use it. [31], 
discovered that social influence plays a key role in educational technology 
acceptance especially in collectivist cultures found in many African countries. [29], 
revealed that students usually prefer to use educational tools that are endorsed by 
their lecturers. Some previous studies have revealed the influence of social 
influence on the adoption of educational technologies that include e-learning 
platforms and mobile learning [30]. In the context of this study, social influence is 
conceptualized as the degree to which students perceive their colleagues and 
lecturers in their educational setting as supportive of their engagement with AI-
powered EdTech solutions. 

Facilitating Conditions(FC) refers to the perceived existence and availability 
of necessary organizational and technical infrastructure to support technology use 
[12]. In a higher education setting, facilitating conditions involve students’ access 
to personal computers, tablets, Wi-Fi, internet, smartphones, laboratories and 
technical support. In this way, FC raises the behavoural intention (BI) and Use of 
AI-powered EdTech solutions thereby improving student performance and 
acceptance of these AI-powered EdTech solutions. [32] argued that without these 
resources and support, lecturers and students will get demotivated and become 
incapacitated. Previous studies from  [33] revealed that BI has a positive impact on 
the adoption of EdTech solutions among Indonesian university students. 

Hedonic motivation (HM) is defined as the enjoyment that users derive from 
using a particular technology [12]. For AI-powered EdTech solutions, hedonic 
motivation refers to how enjoyable learners find the EdTech solutions beyond 
their functional value for example when learning takes place through an 
interactive game. Hedonic motivation is a crucial factor in EdTech solutions as 
learners prefer engaging tools because of their limited time. [14] highlighted that 
engagement pushed the continued usage of educational technology solutions while 
[20] observed that pre-serviced teachers were attracted to VR technology mainly 
because of the fun aspect of them. Previous studies from [34], revealed that 
hedonic motivation positively influenced students’ intention to use mobile learning 
apps. Based on the above discussion, we therefore expected that higher enjoyment 
of AI-powered EdTech solutions would increase usage intention. 

Price value (PV) is defined as the ‘consumers’ trade-off between the 
perceived benefits of using a particular technology and the monetary costs 
associated with it [25]. Most of the AI-Powered EdTech solutions use freemium 
models therefore, if the benefits outweigh the costs then the price value is 
considered to be high. In higher education, the costs may be minimal if universities 
provide applications to the students. [25]revealed that price value influence 
technology acceptance when users bear the costs. Price value is an important 
factor to consider in education because students seek and prefer free alternatives. 
If students perceive high benefits at a reasonable cost, they are more likely to use 
AI-powered EdTech solutions, therefore we expect that PV will positively impact 
behavoural intention (BI). 

https://doi.org/10.33022/ijcs.v15i1.5079


  The Indonesian Journal of Computer Science 

https://doi.org/10.33022/ijcs.v15i1.5079  64   

Habit (HB) is defined as the degree to which the use of technology becomes a 
practice and a habitual action [35]. Habit plays a crucial role in the acceptance of 
technology among university students [35]. Previous studies from [28] have 
highlighted that habit plays a significant role in the adoption and acceptance of 
both e-learning and mobile learning. In studying AI-powered EdTech solutions, 
habit is characterized by how regularly and consistently learners incorporate into 
their academic practices, considering usage frequency. [30] revealed that habit 
positively influenced the adoption of mobile learning by university students, with 
experience and age moderating the relationship. 

In the context of AI systems, fairness is defined as the equitable and unbiased 
treatment of users so that the outcomes produced by these technologies do not 
systematically discriminate or even disadvantage certain individuals or groups. 
Fairness in AI is very important as it ensures that all users are treated equitably 
and AI systems uphold justice and human rights. In order to uphold the principles 
of equal opportunity and non-discrimination, it is critical that fairness is ensured in 
AI decision making. 

Human autonomy refers to an individual’s effective ability to act on the basis 
of beliefs, values, reasons and motivations that are in some important sense their 
own (Christman, 2018). It emphasizes that individuals should act on the basis of 
their own values and not as a result of coercive and manipulative external 
influences. The introduction and use of AI in education might threaten the 
autonomy of students [10]. If autonomy becomes addressed to AI systems, this can 
cause restrictions in student’s autonomy.  Some guidelines on AI human-autonomy 
emphasize that AI systems should not display any form of unjustified coercion, 
deception or manipulation [17]. Safeguarding human autonomy is a key theme 
across guidelines and principles on the responsible development of AI. One of the 
four key ethical principles of the European Commission’s High level Expert Group’s 
Ethics Guidelines for Trustworthy AI is the ‘Respect for autonomy’. This asserts the 
importance of this theme with regards to the responsible development of artificial 
intelligence. 

In the context of AI, bias refers to unfair favouritism or prejudice in AI 
systems which may lead to biased outcomes. Bias in AI models is mainly caused by 
a number of factors which include data bias, development bias, interaction bias, 
algorithmic bias and societal biases. AI systems need to operate ethically and 
equitably, and for this to happen, bias should be eliminated. In the context of this 
study, bias refers to any systematic deviation from the actual value in data 
collection, preparation and analysis. [13] revealed that when there is unintentional 
discrimination against vulnerable individuals or groups or when data does not 
accurately represent a population the bias has occurred. These errors or deviations 
are mainly caused by factors such as incomplete data, errors in data recording or 
even skewed sampling methods. When biased data is used during the training of AI 
model, there is a huge risk that the models will inherit and perpetuate these 
inaccuracies, which can lead to biased outcomes. 

In the context of this study, ethical risks are risks which are related to AI and 
these range from traditional privacy issues to more extreme possibilities. In terms 
of privacy risk, AI can with or without authorization, gather huge datasets from 
previous or historical public archives. This gathering of data introduces the risk 
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that the records may contain personally identifiable data such as health data, 
driver’s license data or social security number with the model leaking or using that 
data in unintended ways [36]. Based on the above arguments and knowledge,  we 
tested following hypotheses: 

 
H1: Perceived Expectancy(PE) has a positive influence on Behavioral Intention(BI) 

to use AI-Powered EdTech Solutions. 
H2: Effort Expectancy(EE) has a positive influence on Behavioral Intention(BI) to 

use AI-Powered EdTech Solutions. 
H3:Social Influence(SI) has a positive influence on Behavioral Intention(BI) to use 

AI-Powered EdTech Solutions. 
H4:Faciliating Conditions(FC) has a positive influence on Behavioral Intention(BI) 

to use AI-Powered EdTech Solutions. 
H5: Hedonic Motivation (HM) has a positive influence on Behavioral Intention(BI) 

to use AI-Powered EdTech Solutions. 
H6: Price Value(PV) has a positive influence on Behavioral Intention(BI) to use AI-

Powered EdTech Solutions. 
H7: Habit (HB) has a positive influence on Behavioral Intention(BI) to use AI-

Powered EdTech Solutions. 
H8: AI Fairness (AF) has a positive influence on Behavoural Intention(BI) to use 

AI-Powered EdTech Solutions. 
H9: Human Autonomy Support (HAS) has a positive influence on Behavoural 

Intention(BI) to use AI-Powered EdTech Solutions. 
H10: Behavoural Intention(BI) has a positive influence on  Actual Use (AU) of AI-

powered EdTech Solutions. 
H10a: Perceived algorithmic bias(PAB) moderates the relationship between social 

influence (SI) and behavoural intention (BI). 
H10b: Perceived algorithmic bias(PAB) moderates the relationship between 

perfomance expectancy (PE) and behavoural intention (BI). 
H10c: Ethical risk awareness(ERA) moderates the relationship between effort 

expectancy (EE) and behavoural intention (BI). 
H10d: Ethical risk awareness(ERA) moderates the relationship between 

facilitating conditions (FC) and behavoural intention (BI). 
H10e: User autonomy concern(UAC) moderates the relationship between hedonic 

motivation (HM) and behavoural intention (BI). 
H10f: User autonomy concern(UAC) moderates the relationship between habit 

(HB) and behavoural intention (BI). 
 
3) Data Measurement  

The data collection was conducted in Zimbabwe, targeting users of AI-powered 
EdTech solutions in higher education who currently use AI-powered EdTech 
solutions in higher education. Zimbabwe was chosen for this study due to the fact 
that the country presents a relevant and timely setting for studying AI adoption in 
education because universities in Zimbabwe are increasingly experimenting with 
AI-powered tools while still facing challenges with infrastructure and digital 
literacy and this makes it possible to check variation in exposure and attitudes 
within a realistic adoption environment, data was collected both through online 

https://doi.org/10.33022/ijcs.v15i1.5079


  The Indonesian Journal of Computer Science 

https://doi.org/10.33022/ijcs.v15i1.5079  66   

distribution and via printed questionnaires in facilities where there was limited 
digital infrastructure. Participation was voluntary and informed consent was 
obtained from all the participants. This study used a structured research 
questionnaire in English to collect data from the targeted sample. The 
questionnaire was created and reviewed for content validity by a group of 
information systems academics. The questionnaire was made up of three sections, 
described as sections A to C. Section A included the demographic variables such as 
gender, age and educational level for the users. Section B covered the direct 
determinants within the proposed conceptual framework and Section C covered 
the actual usage of AI-powered EdTech solutions in higher education. The items 
were measured using a five-point Likert scale that ranged from 1 (strongly 
disagree) to 5 (strongly agree). A survey research was employed in this study since 
studies of technology acceptance have traditionally been conducted using survey 
research. The survey was pilot tested amongst a group of users. The pilot survey 
had 30 users who use AI-powered EdTech solutions in higher education. The pilot 
test was done to refine clarity and reliability before full data collection. The group 
which participated in the survey was not included in the final data. Preliminary 
evidence showed that scales were reliable and valid. All the participants completed 
an initial version of the questionnaire and their assessments and comments on the 
questionnaire helped to refine the questionnaire. The final sample size for this 
study was pegged at n=400 respondents. The collection of data was conducted 
between August and November 2025 from users of AI-powered EdTech solutions 
in education from two (2) private universities and two (2) public universities in 
Zimbabwe. Four universities were purposively selected to ensure the sample 
included universities with different resource levels and IT infrastructures relevant 
to the research questions. Within the selected institutions, participants were then 
recruited using convenience sampling methods. To explore potential influences on 
the responses, demographic characteristics that include age, gender and university 
type were recorded. 
 

4) Research Design and Justification 
The study employed a survey research design combined with regression 

analysis to test the proposed Ethically Extended UTAUT2 (EE-UTAUT2) model. 
Regression analysis was conducted using IBM SPSS Statistics (version 28) to 
examine and study relationships amongst variables and to test the proposed 
framework integrating Human-Centered Ethical Values into the UTAUT2 Model. 
Regression analysis was chosen instead of Structural Equation (SEM) or Partial 
Least Squares (PLS-SEM) due to two main important reasons. Firstly, the study 
aimed primarily at exploring predictive relationships among a limited number of 
constructs rather than testing a highly complex model variable structures.  
Secondly, regression analysis provides a robust method for assessing predictive 
power of independent variables on dependent variables facilitating the analysis of 
how the model constructs influence users’ intention to adopt AI-powered EdTech 
solutions in higher education. 
 

5) Reliability and Validity Testing 
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Cronbach's alpha was used to assess reliability for each construct and the 
constructs exceeded the acceptable threshold of 0.70. Construct validity was 
examined through factor loadings in exploratory factor analysis, thereby ensuring 
that all items loaded significantly (>0.50) on their intended outcomes. 

 
6) Hypothesis Testing and Analysis 
The EE-UTAUT2 framework developed in this study had ten (10) direct 

hypotheses and six(6) moderating hypotheses to make a total of 16 hypotheses. 
Regression analysis was used to test all the sixteen (16) hypotheses derived from 
the model. This enabled an assessment of how each independent variable 
influenced behavioural intention and actual use of AI-powered EdTech solutions in 
higher education. 

 
7) Research Design Workflow 
This study followed a structured process where the first step was to develop 

the model. The model was developed by Integrating Human-Centered Ethical 
Values into UTAUT2 model together with the formulation of hypotheses. 
Questionnaire design and pilot testing was then done where the questionnaire was 
created, validated. Data collection followed where the questionnaires were 
administered online and in-person across the four universities. Data analysis was 
then done starting with reliability and validity tests followed by regression 
analysis to examine the relationships among constructs and test hypotheses. The 
results were then interpreted through the assessment of the predictive power by 
looking at R2 values and discussing the implications for theory and practice. Figure 
3 below shows the research design diagram, where the stages are summarized 
showing the flow from model development to data collection and finally to 
interpretation and implications. 
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Figure 3: Research Design Workflow 
 
 
C. Result and Discussion 

Regression analysis was used to test the hypotheses and the results were 
summarized in Figure 4 below: 
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Figure 4: Structural model results 

 
1) Summary of Hypothesis Testing 

Table 1 presents a summary of the hypothesis testing results for all 
constructs examined, including the core UTAUT2 constructs, the additional ethical 
constructs introduced to extend UTAUT2 and the ethical moderators. The 
summary of hypothesis testing results is shown in Table 1 below. 
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Table 1: Summary Table of Hypothesis Testing Results 

 
2) Discussion 

This section presents a discussion of the results obtained to address the 
research questions: (1) What is the influence of AI fairness and human autonomy 
support on the behavioral intention to adopt AI-powered EdTech solutions? and 
(2) What are the moderating effects of ethical risk awareness, user autonomy 
concern, and perceived algorithmic bias on the relationships between UTAUT2 
constructs and the intention to adopt AI in higher education EdTech? 

 
2.1) Influence of Traditional UTAUT2 Constructs on Behavioural Intention 

to Adopt AI-Powered EdTech 
 
These subsections (2.1 and 2.2) present a discussion of the results pertaining 

to Research Question 1, which investigated the influence of AI fairness, human 
autonomy support and the core UTAUT2 constructs on the behavioral intention to 
adopt AI-powered EdTech solutions in higher education). The model showed 
72.2% of variation in behavioral intention to use and 69.1% in actual use.  

The effect of performance expectancy (PE) on behavioral intention to use AI-
powered EdTech solutions was found to be statistically significant with β=0.31, 
p<0.01, thus supporting H1. These findings are consistent with previous studies 
from [25] who revealed that there is a positive association between performance 
expectancy and students’ behavioral intention to adopt AI-powered educational 
technology solutions. These findings demonstrated that the degree to which 
students and educators perceive AI-powered EdTech solutions as useful and 
capable of enhancing their work is a key determinant of their intention to adopt 

Hypothesis Path 
Relationship 

 β 
(Standardized 
Coefficient) 

p-value Supported 
/Not Supported 

H1 PE → BI 0.31 <0.01 Supported 
H2 EE → BI 0.17 <0.01 Supported 
H3 SI → BI 0.11 0.01 Supported 
H4 FC → BI 0.19 0.03 Supported 
H5 HM → BI 0.30 <0.01 Supported 
H6 PV → BI 0.28 <0.01 Supported 
H7 HB → BI 0.62 0.03 Supported 
H8 AF → BI 0.57 <0.01 Supported 
H9 HAS → BI 0.18 0.02 Supported 
H10 BI → AU 0.66 0.02 Supported 
                                             
                                     Moderating effects of ethical values 
H10a PAB x SI → BI 0.516 0.000 Supported 
H10b PAB x PE → BI 0.778 0.000 Supported 
H10c ERA x EE → BI 0.749 0.000 Supported 
H10d ERA x FC → BI 0.788 0.000 Supported 
H10e UAC x HM → BI 0.883 0.000 Supported 
H10f UAC x HB → BI 0.933 0.000 Supported 
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the technology. In the context of this study, these results suggested that users are 
more likely to use AI-powered EdTech solutions when they anticipate tangible 
performance gains that support their work. 

Effort expectancy (EE) was found to had a positive influence on behavioral 
intention to use AI-powered EdTech solutions with β=0.17, p<0.01, thus 
supporting H2. These results are consistent with the previous findings from [37] 
who pointed out that there is a positive relationship between effort expectancy 
and behavioral intention to adopt educational technology solutions. This outcome 
revealed that perceived ease of use of AI-powered EdTech solutions play a critical 
role in shaping user’s intention to adopt these technologies. The results 
demonstrated that users are more likely to engage with AI-powered EdTech 
solutions when they perceive them as user friendly and requiring minimal effort to 
operate, this is consistent with the UTAUT2 framework by [25]. The findings were 
informative to EdTech developers in the sense that they underscore the 
importance of designing AI-powered EdTech solutions with intuitive interfaces 
and clear navigation. This will enable users to leverage the technology without 
facing challenges that could hinder adoption. 

The results revealed that there is a positive effect of social influence(SI) on 
behavioral intention to use AI-powered educational technology solutions with 
β=0.11, p=0.01 thus, supporting H3. These findings are consistent with previous 
researches from [38], who reported that social influence(SI) had a positive effect 
on behavioral intention(BI) to adopt educational chatbots. This outcome showed 
that users’ adoption intentions are influenced by the perception and 
recommendations of significant others such as peers or instructors, indicating the 
critical role of social context in technology acceptance. Practically, the results 
suggested that universities that are promoting the use of AI-powered EdTech 
solutions should consider strategies such as peer-monitoring and positive word of 
mouth campaigns to leverage social influence, thereby  reinforcing users’ 
behavoural intention. These findings are consistent with previous studies on 
UTAUT2, which revealed that social influence can encourage users to use new 
technologies when adoption is endorsed by influential members of their social 
environment  [25]. 

The effect of facilitating conditions (FC) on behavioral intention(BI) was 
tested through regression. The results concluded that there is a positive influence 
of facilitating conditions(FC) on behavioral intention(BI) with β=0.19, p=0.03; thus, 
supporting H4. These results are consistent with previous findings from [33] who 
discovered that FC has considerable impact on BI to adopt e-learning systems 
among Indonesian higher education students. The findings revealed that the 
availability of adequate technical infrastructure and institutional support 
positively influences users’ intention to adopt AI-powered EdTech.The findings 
align with the UTAUT2 framework, which revealed that when users perceive that 
enough organizational and technical support is available to facilitate the use of 
technology, they are more likely to intend to adopt it [25]. Practically, these results 
demonstrate the importance for higher education institutions to ensure that 
reliable technical infrastructure and ongoing IT support are available. Ensuring the 
availability of these resources and support facilitate the effective adoption of AI-
powered EdTech solutions. 
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The effect of hedonic motivation (HM) on BI was tested through regression. 
The results revealed that there is a statistically positive influence of HM on BI 
regarding the use of AI-powered EdTech solutions with β=0.30, p<0.0;1 
thus,supporting H5. These results are consistent with previous findings from [27] 
who reported that HM had a significant impact on BI in situations where in 
technology aids learning. The results demonstrated that the enjoyment derived 
from using AI-powered EdTech positively influence users’ intention to adopt these 
technologies. The relatively high effect (β=0.30), indicates that positive user 
experience and enjoyment are strong predictors of adoption, revealing that users 
are more likely to use AI-powered EdTech solutions when the interaction is 
perceived as enjoyable. Practically, the results can help higher education 
institutions to develop and design AI-powered EdTech solutions that are not only 
functional and easy to use, but also engaging and enjoyable by incorporating 
gamification elements and interactive features. These features can significantly 
increase adoption rates by leveraging users’ intrinsic motivation. 

The effect of price value(PV) on behavioral intention(BI) was found to be 
statistically significant with β=0.28, p<0.01; thus, supporting H6. These results 
support the argument that PV influence BI especially when users are bearing the 
costs. These results are supported by  [25] who reported that subscription costs 
affect content value when it comes to technology acceptance and use. This outcome 
shows that users are more likely to use AI-powered EdTech when they perceive 
that the benefits gained outweigh the costs associated with the use of the 
technology. The results indicated that even if a certain technology is perceived as 
useful, users’ adoption decisions remain sensitive to whether it is perceived as 
economically worthwhile. The reason for this is that users do a cost-benefit 
analysis in their adoption decisions. The findings emphasized the significance of 
providing affordable and cos-efficient AI-powered solutions by higher education 
institutions. 

There is statistically positive influence of habit(HB) on BI regarding the use 
of AI-powered EdTech solutions with β=0.62, p=0.03 thus supporting H7. The 
findings revealed that habitual use plays a central role in predicting users, future 
intention to adopt AI-powered EdTech. The outcome demonstrated that consistent 
exposure, repeated interaction and institutional embedding of AI-powered EdTech 
solutions greatly enhance users’ propensity to continue using the solutions. 
Practically, for higher education institutions, the results suggested the importance 
of universities to promote sustained usage patterns such as embedding AI-
powered EdTech tools into routine learning processes.  

 
2.2 )    Influence of AI fairness and human autonomy support on behavioral 

intention to adopt AI-Powered EdTech solutions 
 

The effect of AI Fairness (AF) on behavioural intention to use AI-powered 
EdTech solutions was found to be statistically significant with β=0.57, p<0.01; thus, 
supporting H8. These results supported the argument that if users believe that the 
AI-powered EdTech solutions are fair, then, they are more willing to adopt them 
especially in the context of education. The outcome is consistent with emerging 
research highlighting the role of ethical trust and algorithmic justice in AI 
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adoption. AI fairness reduces perceptions of discrimination and enhances users’ 
confidence that the technology operates consistently, transparently and without 
bias. These findings suggested that ethical considerations are not secondary but 
rather they are primary predictors of adoption within AI-powered learning 
environments. This outcome demonstrated the importance for software 
developers to ensure that AI-powered EdTech tools are bias mitigated, fair and 
transparent. There is need to implement explainable AI-features and inclusive 
training datasets because they enhance users’ confidence in the tools and 
strengthen their willingness to adopt the AI-powered solutions. 

The effect of human autonomy support (HAS) on BI was tested through 
regression.The results proved that there was a statistically positive influence of 
human autonomy support (HAS) on behavoural intention (BI) with β=0.18, p=0.02 
thus supporting H9. This outcome revealed that when users’ perceive that AI-
powered EdTech tools enhance their autonomy rather than override it, they are 
more likely to adopt and use the technology. Human autonomy support highlighted 
the degree to which technology allows users to retain control over decisions and 
interact with AI-powered systems without feeling manipulated. The positive 
influence demonstrated that protecting user autonomy is an important ethical 
determinant of adoption within AI-powered learning environments. This outcome 
aligns with contemporary human-AI interaction literature which argues that when 
students and educators sense that AI-enabled EdTech tools support rather than 
replace their decision making, their intention to adopt the tools increases. In other 
words, users are more likely to adopt AI-powered systems and solutions if they 
feel that they are in control and that their choices are enhanced and not replaced. 
The results also support the idea that users prefer AI systems that support their 
decision-making freedom as well as not undermining human agency.  

The effect of behavoural intention (BI) on  actual use (AU) of AI-powered 
EdTech solutions  was tested through regression. The results indicated that there 
is a statistically positive effect of BI on AU regarding the use of AI-powered EdTech 
solutions with with β=0.66, p=0.02 thus supporting H10. This outcome 
demonstrates that users who show a strong intention to adopt AI-enabled EdTech 
solutions are highly likely to convert this intention into observable usage 
behaviour. In the context of this study, the outcome implies that positive attitudes, 
trust, perceived value, fairness and autonomy considerations collectively enhance 
intention which in turn is converted into actual adoption. 
 
3.3) Moderating Effects of Algorithmic Bias, Ethical Risk and Autonomy on 

AI EdTech Adoption 
 
This subsection presents a discussion of the results pertaining to Research 

Question 2, which examined the moderating effects of perceived algorithmic bias, 
ethical risk awareness, and user autonomy concern on the relationships between 
the original UTAUT2 constructs and the behavioral intention to adopt AI-powered 
EdTech solutions in higher education. 

The moderating effect of perceived algorithmic bias on the relationship 
between social influence (SI) and behavioral intention (BI) was investigated. The 
results showed that perceived algorithmic bias(PAB) moderates positively the 
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relationship between SI_BI with (β =0.516, 0.000) supporting H10a. These results 
suggest that peer or organizational pressure may not convince users to adopt AI-
powered EdTech as long as they perceive that the AI system is biased. The 
moderating effect of perceived algorithmic bias on the relationship between 
performance expectancy (PE) and behavioral intention (BI) was tested through 
regression. The results revealed that perceived algorithmic bias(PAB) moderates 
positively the relationship between PE_BI with (β =0.778, 0.000) supporting H10b. 
These results support the argument that if users think that AI decisions are biased, 
then the perceived usefulness will not lead to intention.  

The moderating effect of ethical risk awareness on the relationship between 
effort expectancy (EE) and behavioral intention (BI) was tested. The findings 
proved that ethical risk awareness(ERA) moderate positively the relationship 
between EE_BI with (β =0.749, 0.000) thus supporting H10c. These results 
support the idea that if users are ethically uneasy, then they will not adopt AI-
powered systems even if the AI systems are easy to use. The results from 
regression also revealed the ethical risk awareness (ERA) moderate positively the 
relationship between facilitating conditions(FC) and behavioral intention (BI) with 
(β =0.788, 0.000) thus supporting H10d. These results align with the argument 
that institutional support may not drive usage if ethical risks are perceived.  

The moderating effect of user autonomy concern on the relationship between 
hedonic motivation (HM) and behavioral intention (BI) was investigated. User 
autonomy concern(UAC) was found to moderate positively the relationship 
between HM_BI with (β =0.883, 0.000) thereby supporting H10e. The conclusion 
from these results could mean that enjoyment in using AI-powered EdTech 
solutions drops if users feel controlled or manipulated. The results also show that 
user autonomy concern(UAC)  moderates positively the relationship between 
HB_BI with (β =0.933, 0.000) thus supporting H10f. These results support the 
argument that regular use of AI-powered solutions may not translate into intention 
if users feel they are losing autonomy. 

 
D. Conclusion 

This study provides robust empirical evidence on the determinants of 
behavioral intention and actual use of AI-powered educational technology 
(EdTech) solutions in higher education by extending UTAUT2 with two critical 
ethical constructs that is AI fairness and human autonomy support. The model 
demonstrated strong explanatory power, accounting for 72.2% of the variance in 
behavioral intention and 69.1% of the variance in actual use, indicating its 
suitability for examining technology acceptance in ethically sensitive digital 
learning environments. Core UTAUT2 predictors; performance expectancy, effort 
expectancy, social influence, facilitating conditions, hedonic motivation, price value 
and habit, retained their importance, reaffirming the robustness of the theoretical 
framework across emerging AI-enhanced contexts. Importantly, the integration of 
ethical dimensions revealed meaningful insights into user adoption behaviour. AI 
fairness and human autonomy support exerted significant positive effects on 
behavioral intention, underscoring the importance of designing AI-powered 
EdTech systems that uphold justice, transparency and human agency.  
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These findings highlighted that ethical alignment is not peripheral but central 
to fostering trust-driven adoption in educational settings. Moreover, the 
moderating effects of perceived algorithmic bias, ethical risk awareness and user 
autonomy concern demonstrate that ethical risks can significantly weaken the 
influence of traditional UTAUT2 determinants. When users perceive bias, threats 
to autonomy or ethical uncertainty, the motivational value of ease of use, 
usefulness, institutional support and enjoyment substantially deteriorates. This 
confirms that ethical concerns serve as powerful filters through which users 
evaluate the desirability and legitimacy of AI in learning. 

Collectively, the findings advance theoretical understanding by showing that 
technology adoption in AI-mediated education is both a functional and ethical 
evaluation process. Practically, the results emphasized the need for higher 
education institutions, system designers and policymakers to embed ethical 
safeguards such as algorithmic transparency, fairness audits and autonomy 
enhancing design into AI-powered systems to strengthen user confidence and 
sustained use. As AI continues to penetrate teaching and learning, safeguarding 
ethical values will remain fundamental for inclusive and responsible educational 
innovation. Future research may extend this work by incorporating longitudinal 
data to capture shifts in attitudes as users gain deeper experience with AI, 
exploring cross-cultural comparisons to assess contextual variations in ethical 
perceptions and integrating additional constructs such as trust calibration and 
digital resilience to enrich the predictive power of ethically extended technology 
adoption models. 
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