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[bookmark: _Toc154572463]Abstract

With the increasing prevalence of integrating Artificial Intelligence (AI) technologies in education, there is a growing urgency to comprehend the complex interaction of cultural and societal factors that influence AI adoption. This quantitative research seeks to systematically investigate the adoption of AI in education within various cultural and societal settings. Concentrating on measurable aspects of cultural attitudes, values, and expectations, the study aims to statistically assess the impact of these factors on the acceptance and integration of AI technologies in educational environments. Utilizing quantitative methods, such as surveys and statistical analyses, the study endeavours to provide a data-driven investigation of AI adoption, adding to a more methodical comprehension of the interplay between technology and culture in educational settings.
Purpose: The quantitative study aims to methodically explore connection between cultural factors and the incorporation of AI technologies in educational environments. The objective is to provide tangible insights into how quantifiable cultural distinctions shape individuals' perspectives and intentions regarding the acceptance of AI.

Design/Methodology/Approach: The study employed a survey-based approach rooted in the UTAUT model to investigate cultural and societal influences on AI adoption among higher education students. The Likert scale survey covered key constructs, including Social Influence, Behavioural Intention to Use, Actual Use, and Cultural Factors. including Performance and Effort Expectancy, Social Influence, Facilitating Conditions, Cultural and Societal Factors, Behavioural Intention to Use, and Actual Use. Data analysis encompassed data cleaning, descriptive statistics, reliability and factor analysis, correlation and regression analysis, and mediation model. Findings were interpreted, and implications were discussed, acknowledging limitations. Results were presented in a comprehensive report, with consideration for peer review to ensure methodological robustness and contribute meaningful insights to the understanding of AI adoption in higher education. 

Potential Findings: The outcomes anticipated from this quantitative research, utilizing survey data and statistical analyses encompassing diverse cultural viewpoints, may uncover statistically noteworthy connections between cultural elements and the integration of AI in education. Discoveries may involve measurable assessments of the interaction between culture and technology implementation, statistically substantiated divergences in perceptions and encounters across cultural contexts, and a quantified comprehension of methods employed to harmonize AI technologies with cultural values. These results have the potential to provide empirical support for policymakers and institutions, aiding them in adeptly navigating the cultural aspects of adoption of AI. Moreover, they could result in a more systematic understanding of technology integration in educational environments.

Implications / Limitation of Research: Potential limitations in this quantitative study include restrictions on generalizability due to its specific emphasis on cultural contexts, the possibility of response biases in participant surveys, and constraints linked to the application of random sampling.Top of FormBottom of Form Additionally, the study's scope may be impacted by subjectivity in data analysis and the imperative need for large sample sizes.
Furthermore, the research suggests the importance of adopting statistically informed, context-specific approaches to AI integration in education. These insights contribute quantifiable inputs to academic conversations, offer guidance for future research pursuits, advocate for the integration of statistically significant findings in policy development, and underscore the growing importance of cross-cultural sensitivity in technology implementation. Recognizing and addressing these limitations and implications is crucial to ensuring the accuracy and relevance of the study in the domain of AI adoption in education.
Research Originality: The distinctiveness and importance of the outlined study are apparent in its unique exploration of the cultural aspects of AI adoption in education, employing a quantitative approach. This research systematically delves into the intricate relationship between culture and technology adoption, providing empirical insights into the measurable perceptions and experiences of individuals from diverse cultural backgrounds. As a result, it enhances our understanding of technology adoption in educational settings, supplying policymakers and institutions with quantifiable, context-specific insights. The study holds significant value by addressing a crucial and insufficiently explored aspect of AI adoption, reinstating the impact of cultural factors further, amplifying the effectiveness of AI integration in education.

Keywords: Education, Artificial Intelligence adoption, technology acceptance, cultural-diversity, cross-cultural analysis, quantitative research, cultural impact, Artificial Intelligence, educational setup.
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[bookmark: _Toc154572465]Significance of Research Topic
This research carries substantial potential to provide practical insights for policymaking, guide Ed-tech companies and funding organizations, improve technology implementation, and contribute valuable perspectives to the ever-evolving field of AI in education. Furthermore, it has the capacity to bridge the gap between technological innovation and cultural diversity, steering developers toward creating more effective and culturally sensitive educational tools. The ultimate goal of these outcomes is to facilitate a more streamlined and culturally attuned integration of AI in educational settings, benefiting both learners and educators.
By delving into the intricate interplay among technology, culture, and education, this research not only furnishes practical insights but also fosters a deeper understanding of how AI can be leveraged to enhance learning experiences across diverse cultural contexts. In doing so, it holds the promise of promoting inclusivity and equity in education, ensuring that the advantages of AI are accessible to all learners, irrespective of their cultural backgrounds.
[bookmark: _Toc154572466]Literature Review
The global integration of Artificial Intelligence (AI) technologies in education stands as a widespread phenomenon, holding the potential to revolutionize the landscape of teaching and learning. Nevertheless, the success of AI adoption in education is not solely contingent on technological capabilities; rather, it is profoundly impacted by cultural and societal factors. This literature review endeavours to offer a comprehensive overview of current research pertaining to AI adoption in education, with a particular focus on elucidating the role played by cultural dimensions in shaping this adoption.
[bookmark: _Toc154572467]Adoption of AI in Education
AI has garnered widespread adoption in the field of education, progressing from computer-based systems to intelligent education tools on the web and even humanoid robots and chatbots. These advancements in technology have not only elevated administrative efficiency but have also contributed to personalized learning, thereby enhancing the overall quality of education.(Chen et al., 2020)

Several research studies have delved into the advantages of integrating AI in education, encompassing enhanced student outcomes, heightened efficiency, and the capacity to address educational disparities. Nevertheless, these advantages do not manifest uniformly across all cultural and societal contexts.Top of FormBottom of Form (Wang et al., 2021) highlights the significance of taking individual variations into account and underscores the necessity for proficient teacher training in integrating AI technology.(Teo, 2009) Stresses the significance of continuous professional development and early familiarity with pertinent technologies as integral aspects of teacher training. The study  (Hwang & Chang,2011) spotlights the significance of meticulously crafted learning support, methodologies, or tools in mobile learning environments, underscoring the imperative for technology-based assistance to augment students' learning accomplishments.

[bookmark: _Toc154572468]Technology Adoption and Cultural Dimension Study conducted by (Straub ’ et al., 1997a) 
highlights the significance of incorporating cultural variations into research on technology adoption. Recognizing the impact of culture on technology adoption is paramount. Hofstede's cultural dimensions theory, encompassing dimensions such as individualism-collectivism, power distance, uncertainty avoidance, and masculinity-femininity, has frequently served as a framework for evaluating cultural influences. Research indicates that cultural factors can markedly influence individuals' attitudes, perceptions, and intentions regarding technology adoption.
[bookmark: _Toc154572469]Unified Theory of Acceptance - Use of Technology (UTAUT) The UTAUT framework, developed by (Venkatesh et al., 2003; Venkatesh & Davis, 2000) Frequently employed in research on technology adoption, it identifies crucial elements affecting individuals' inclination to use technology, encompassing factors like performance expectancy, effort expectancy, social influence, and facilitating conditions (Hong & Kang, n.d.; Wijaya et al., 2022). 
Despite UTAUT being utilized in diverse cultural settings, its application in the realm of AI adoption in education is relatively underexplored.
[bookmark: _Toc154572470]Variations in Adoption of AI – Cultural Aspect  Studies indicate that cultural elements can shape perceptions and adoption patterns of AI in education. For example, individualistic cultures might prioritize personalized and autonomous learning, while collectivist cultures may underscore collaborative learning experiences (Howard et al., n.d.; Nistor et al., 2013; Oshlyansky et al., n.d.). The study (Day, 1996) recognizes potential challenges associated with cultural blending, self-selection bias, and sociocultural skew in subject sampling. These concerns are addressed through a multi-method design incorporating questionnaires, interviews, contextual inquiry, and participatory design methods. Additionally, cultural attitudes toward technology risk and trust significantly influence the acceptance of AI-driven educational tools.
[bookmark: _Toc154572471]Limitations & Challenges Studies in this domain commonly encounter challenges related to cultural biases in data collection and the difficulty of extrapolating findings across diverse cultural contexts. Moreover, cultural factors can undergo changes over time, necessitating continual examination of their impact on AI adoption in education.
This review underscores the significance of considering cultural dimensions when exploring AI adoption in education. It emphasizes the necessity for a comprehensive framework, such as UTAUT, to evaluate how cultural attitudes, values, and expectations influence AI adoption intentions. In doing so, the study aims to enhance our understanding of the intricate interplay between culture and technology adoption in educational settings.
This concise review provides an overview of the primary themes and discoveries regarding AI adoption in education and its cultural dimensions. It sets the groundwork for your research by highlighting the gaps and opportunities for further investigation in this field.

[bookmark: _Toc154572472]Existing models- Overview
TAM2, an extended model of technology acceptance, was validated in workplace contexts, explaining a significant portion of perceived usefulness variance through social influence and cognitive factors (Venkatesh & Davis, 2000).
Below listed models offer valuable frameworks for understanding technology acceptance, each with its own strengths and limitations. 
[image: ]
	Model

	Technology Acceptance Model (TAM) 
(Davis, F.D., 1987; Davis, F.D., 1989)
(Avis et al., 1996; Lee et al., 2003)

	Unified Theory of Acceptance and Use of Technology (UTAUT)(Hong & Kang, n.d.; Oshlyansky et al., n.d.; Venkatesh et al., 2003)

	Extended Technology Acceptance Model (TAM2 and TAM3)
(Venkatesh & Bala, 2008; Venkatesh & Davis, 2000)


	Theory of Planned Behaviour (TPB)
(Ajzen, 2011)

	Innovation Diffusion Theory (IDT)
(Rogers, E.M., 2008)


[image: ]
UTAUT is formulated to be customized to fit the particular technology under scrutiny (Venkatesh et al., 2003). Therefore, a degree of rephrasing is anticipated. Its validation and application have already occurred in English-speaking nations (Anderson & Schwager, n.d.) . Research conducted by (Oshlyansky et al., 2007.) Provides a cross-cultural validation of this framework approach. The results presented in this study compellingly illustrate the robustness of the UTAUT framework in enduring translation and application across diverse cultures, extending beyond its initial country and language of origin (Oshlyansky et al., 2007). Therefore, this proposal additionally contemplates utilizing the groundwork of the UTAUT model for further investigation.
[bookmark: _Toc154572473]Foundation of Study / Standing Ground
The study (Nistor et al., 2013) emphasizes the significance of acknowledging individual and cultural distinctions in the acceptance of educational technology (ETA). It unveils disparities in ETA factors across diverse cultural groups and underscores the necessity for customized learning environments to accommodate a range of expectations and needs.
The study conducted by (Nelson et al., 2019) Explores the influences shaping the formation of Technological Pedagogical Content Knowledge (TPACK) in teacher educators, emphasizing the crucial role of institutional support, technological expertise, and specialized subject-area training for successful technology integration in teacher education programs. It also underscores the necessity for personalized support and the implementation of frameworks aligned with TPACK (Technological Pedagogical Content Knowledge) and the ISTE (International Society for Technology in Education) technology standards. Such alignment can markedly enhance technology competencies and instructional practices among teacher educators.

This research proposal is based on the acknowledgment that the adoption of technology, particularly Artificial Intelligence (AI) in educational settings, is not solely influenced by the functional capabilities of the technology. Instead, it is significantly influenced by the cultural attitudes, values, and expectations of the individuals and communities engaged. Existing models that analyse cultural variations in technology adoption often lack the ability to offer genuine insights when applied in practical scenarios. Scholars such as (Oshlyansky & Thimbleby, 2006; Spector et al., 2001) underscored their shortcomings, underscoring the necessity for investigations that are more culturally relevant and context-specific.

Building upon this groundwork, the study recognizes the importance of reassessing and modifying models for technology acceptance to encompass various cultural contexts. It draws inspiration from past efforts, such as the adaptation of the Technology Acceptance Model (TAM) by researchers like (Day, 1996; Gefen & Straub, 1997; Straub ’ et al., 1997b) Day (1996), Howard et al. (1997), and Straub et al. (1997). However, this study takes a step further by concentrating specifically on AI adoption in education, with the aim of offering a thorough comprehension of how cultural dimensions impact the intentions and behaviours of individuals when embracing AI technologies. The foundation of this study is built on the conviction that addressing the cultural intricacies of AI adoption is essential for enhancing its effectiveness and relevance in educational settings and for promoting equitable access to advanced learning tools across diverse cultures and societies.
It is notable that the majority of studies conducted in this domain are primarily quantitative. Nonetheless, this research proposal acknowledges the valuable contribution that qualitative research can make to understanding the intricate dynamics of AI adoption within educational settings. Qualitative research is uniquely positioned to unveil the complex interplay of cultural nuances in technology adoption, providing a comprehensive view of the challenges and opportunities associated with AI integration in education.
In consideration of these factors, this research proposal aims to contribute to the existing body of knowledge by employing qualitative research methods to comprehensively address the identified research gaps. This approach will enhance our understanding of the intricate dynamics of AI adoption in education, ultimately advancing the field and facilitating the development of tailored strategies for technology acceptance and utilization in diverse educational contexts.
[bookmark: _Toc154572474]Research Gaps
1. Limited Academic Diversity: Existing studies focus on specific institutions, hindering generalizability. Future research should diversify samples across diverse educational backgrounds and cultural contexts for a comprehensive understanding of AI adoption factors.
2. Cultural and Institutional Oversight: Insufficient exploration of how cultural and institutional factors impact AI adoption in education. Prioritizing research on organizational cultures, policies, and administrative support is crucial for unravelling complexities in diverse academic environments.
3. Stakeholder Perspectives: Predominant focus on teachers neglects insights from students, administrators, policymakers, and diverse academic profiles. Future studies should broaden their scope to include perspectives from all stakeholders for a holistic understanding of AI adoption challenges and opportunities in education.
4. Overlooking Contextual Variability: Current research identifies general factors but overlooks nuanced contextual differences impacting faculty readiness for AI adoption. Future studies should conduct a granular analysis, considering discipline-specific needs, institution types, and geographical variations to provide contextually relevant insights into AI adoption within academia.
1. Lack of Diverse Academic Background
· Existing studies primarily draw their samples from specific universities or institutions within a single country. This limited scope potentially hinders the generalizability of research findings. To address this gap, future research should aim to diversify its sample sources to encompass a broader range of educational institutions and cultural contexts. This would provide a more comprehensive understanding of the factors influencing AI adoption across various academic backgrounds and geographical regions.
2. Cultural and Institutional Factors Impacting AI Adoption
· There is a dearth of research that delves into how cultural and institutional factors affect the adoption of AI technologies in educational settings. These factors, including organizational cultures, policies, and administrative support, play a pivotal role in shaping faculty members' willingness to embrace AI. Future research should prioritize exploring these critical influences to uncover the complexities of AI adoption within diverse academic environments.
3. Limited Perspectives Beyond Teachers
· Most of the existing research primarily focuses on the perspectives of teachers when examining technology and AI adoption in education. However, there is a notable gap in insights from other key stakeholders, such as students, administrative members, policymakers, and other relevant academic profiles. To provide a more holistic view of AI adoption, future studies should broaden their scope to include the perspectives and needs of all these diverse stakeholders. This would yield a more comprehensive understanding of the challenges and opportunities associated with AI integration in education.
4. Contextual Variability
· While current research often identifies general factors influencing AI adoption, it tends to overlook the nuanced contextual differences that can significantly impact faculty members' readiness to adopt AI technologies. Factors such as discipline-specific needs, variations in institution types (e.g., research universities vs. community colleges), and geographical locations can all play a crucial role. To bridge this gap, future studies should incorporate a more granular analysis of these contextual variables to provide a deeper and more contextually relevant understanding of AI adoption within the academic landscape.
[bookmark: _Toc154572475][bookmark: _Toc145283617]Research Purpose - Statement
This quantitative research aims to explore the relationship between cultural attitudes and the adoption of Artificial Intelligence (AI) technologies in higher educational settings. The study seeks to provide a comprehensive understanding of how cultural variations impact the perceptions and intentions of academicians regarding the adoption of AI. Employing quantitative methods, the research will measure and analyse the extent of AI adoption within the educational context, encompassing both teaching and administrative applications. The goal is to quantify and statistically examine the influence of cultural factors on individuals' attitudes and intentions related to the utilization and integration of AI technologies in higher education.
[bookmark: _Toc154572476]Research Objective
In the ever-changing landscape of educational technology, the potential incorporation of Artificial Intelligence (AI) carries substantial promise. However, the literature review has brought to light critical gaps in research. These gaps involve the limitations observed in single-context studies, the necessity for a thorough exploration of cultural influences, the absence of varied stakeholder perspectives, and the crucial need to consider contextual variability in AI adoption. To address these gaps, this study establishes a well-defined set of research objectives. These objectives aim to delve into the intricate dynamics of AI adoption in education, with the ultimate goal of offering actionable insights and practical recommendations. Through this research, the aim is to provide valuable insights to enhance the seamless integration and utilization of AI tools across diverse educational contexts.
1. To examine the relationship between Cultural Attitudes and Behavioural Intention to Use AI in Education.
· Sub-objective 1: Assess the level of Cultural Attitudes among participants.
· Sub-objective 2: Determine the strength and direction of the correlation between Cultural Attitudes and Behavioural Intention.
2. To investigate the impact of Cultural Values on Behavioural Intention to Use AI in Education.
· Sub-objective 1: Evaluate participants' Cultural Values.
· Sub-objective 2: Explore the correlation between Cultural Values and Behavioural Intention.
3. To explore the influence of Cultural Expectations on Behavioural Intention to Use AI in Education.
· Sub-objective 1: Analyse participants' Cultural Expectations.
· Sub-objective 2: Investigate the correlation between Cultural Expectations and Behavioural Intention.
4. To assess the mediating role of Cultural Impact on Perceptions in the relationship between Cultural Factors and Behavioural Intention to Use AI in Education.
· Sub-objective 1: Examine the direct relationship between Cultural Factors and Behavioural Intention.
· Sub-objective 2: Investigate the mediating effect of Cultural Impact on Perceptions on this relationship.
These research objectives aim to provide a comprehensive understanding of the interplay between cultural factors and the adoption of AI in education, with a focus on attitudes, values, expectations, and the potential mediating role of cultural impact on perceptions.
These objectives provide a clear roadmap for your research, emphasizing the importance of addressing the challenges associated with AI adoption, understanding cultural influences, and ultimately contributing to practical solutions that promote effective AI tool utilization in education across a spectrum of cultural contexts.
[bookmark: _Toc154572477]Hypothesis
[bookmark: _Toc145283618]In the ever-changing landscape of educational technology, the potential adoption of Artificial Intelligence (AI) holds great promise. However, a comprehensive literature review has identified significant gaps in research. These gaps encompass limitations seen in single-context studies, the imperative for a thorough exploration of cultural influences, the absence of varied stakeholder perspectives, and the necessity to consider contextual variability in AI adoption. To address these gaps, this study outlines specific research objectives. These objectives aim to explore the complex dynamics of AI adoption in education, with the ultimate goal of providing actionable insights and practical recommendations. The aspiration is that through this research, valuable insights will be gained to improve the seamless integration and utilization of AI tools across diverse educational settings.
Hypothesis 1a (H1a): Cultural Attitudes positively influence Behavioural Intention to Use AI in Education.
Rationale: Cultural attitudes play a pivotal role in shaping individuals' perceptions and behaviours. In the context of AI adoption in education, understanding how cultural attitudes influence the intention to use AI is crucial. Positive cultural attitudes are likely to foster a favourable environment for the acceptance and incorporation of AI technologies in educational settings.
Hypothesis 1b (H1b): Cultural Values positively influence Behavioural Intention to Use AI inEducation.
Rationale: Cultural values are deeply ingrained in individuals and often guide decision-making. Examining the influence of cultural values on the intention to use AI in education is relevant because values can shape preferences and priorities. Positive alignment between cultural values and the adoption of AI may indicate a smoother integration process.

Hypothesis 1c (H1c): Cultural Expectations positively influence Behavioural Intention to Use AI in Education.
Rationale: Cultural expectations set the stage for anticipated outcomes and experiences. Understanding how cultural expectations influence the intention to use AI in education is essential for predicting user acceptance. Positive cultural expectations can contribute to a more positive attitude and intention to embrace AI technologies.

Hypothesis 2 (H2): Cultural Impact on Perceptions mediates the relationship between Cultural Factors and Behavioural Intention to Use AI in Education.
Rationale: Cultural impact on perceptions represents the subjective interpretation of cultural factors. Considering this as a mediating variable is appropriate as it helps unveil the mechanisms through which cultural factors affect the intention to use AI. It adds depth to the understanding by exploring the role of individuals' perceptions influenced by cultural contexts.
Hypothesis 3 (H3): Social Influence positively influences Behavioural Intention to Use AI in Education.
Rationale: Social influence, representing the impact of external factors on individuals' decisions, is a critical component in the technology acceptance framework. In the context of AI adoption in education, understanding the role of social influence is paramount. Positive social influence, such as encouragement from peers, educators, or influential individuals, is likely to contribute positively to individuals' intentions to use AI in education.
This hypothesis expands the scope of the study by considering the external social factors that may shape individuals' intentions regarding the adoption of AI technologies in an educational setting.
In summary, these hypotheses are appropriate for the study as they delve into the intricate connections between cultural aspects and the adoption of AI in education. They consider attitudes, values, and expectations, acknowledging the nuanced influence of culture on individuals' intentions to embrace AI technologies in an educational context.
[bookmark: _Toc154572478]Conceptual Model
In the continually evolving realm of educational technology, embracing Artificial Intelligence (AI) represents a transformative prospect. However, navigating the complex terrain of AI integration requires a contextual understanding that encompasses cultural diversity, institutional dynamics, and stakeholder perspectives. To address this imperative, we propose a contextual model designed to comprehensively investigate and facilitate AI adoption in education. This model takes into account the foundational recognition of AI's multifaceted nature within educational settings and aligns with specific research objectives: identifying challenges, developing a research agenda, and deriving practical recommendations. By embedding cultural, contextual, and stakeholder considerations, this model aims to bridge research gaps and pave the way for seamless AI integration in diverse educational environments.
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[bookmark: _Toc154572480]Research Design:
This study employs a primarily quantitative research design to comprehensively investigate the adoption of Artificial Intelligence (AI) in education, particularly focusing on future perceptions. The research is grounded in the Unified Theory of Acceptance and Use of Technology (UTAUT) framework. The following steps outline the quantitative methodology:
1. Quantitative Survey Development:
· Develop a structured quantitative survey aligned with the UTAUT framework to assess participants' future perceptions of AI adoption in education.
· Utilize Likert scales to measure constructs such as Cultural Factor, Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Behavioural Intention to Use, Actual Use, and Cultural and Societal Factors.
2. Survey Administration:
· Administer the survey to a diverse sample of participants within the educational community.
· Ensure a representative sample that encompasses different cultural backgrounds, roles in education, and experience levels.
3. Data Analysis:
· Conduct statistical analyses such as descriptive statistics, reliability analysis, factor analysismediation analysis, and correlation analysis to quantify and interpret the survey data.
· Explore variations in future perceptions of AI adoption across different demographic groups.
4. Quantitative Findings:
· Present quantitative findings in a clear and organized manner, using tables and charts to highlight patterns and trends.
· Interpret quantitative results, drawing conclusions about the overall future perceptions of AI adoption in education based on the survey data.
While the primary focus is on quantitative methods, it's essential to acknowledge the potential value of integrating qualitative elements for a more comprehensive understanding. 
[bookmark: _Toc154572481]Criteria for Participant Selection
1. Educational Background:
Participants were selected from higher education institutions, including universities or colleges, ensuring relevance to the study's focus on AI adoption in educational settings.
2. Program of Study:
The sample includes participants from a diverse range of academic disciplines, capturing variations in attitudes and perceptions related to AI adoption across different fields of study.
3. Academic Level:
Participants span various academic levels, including undergraduate and postgraduate students, accounting for potential differences in familiarity and experience with AI technologies.
4. Demographic Diversity:
The sample reflects a diverse demographic composition, encompassing variations in age, gender, ethnicity, and cultural backgrounds, ensuring a comprehensive exploration of cultural influences on AI adoption.
5. Technological Proficiency:
Participants were selected based on a basic level of technological proficiency, ensuring a common understanding of AI technologies, assessed through a preliminary questionnaire or self-reporting.
6. Informed Consent:
Participants provided informed consent, acknowledging the purpose of the research, the nature of their involvement, and the confidentiality of their responses.
7. Language Proficiency:
Participants demonstrated sufficient proficiency in the survey language to accurately comprehend and respond to the survey questions.
8. Voluntary Participation:
Participation is voluntary, with participants assured that they can withdraw from the study at any point without any consequences.
9. Accessibility:
The survey was made accessible to participants, considering factors such as the mode of survey administration (online or offline) and the availability of resources required to participate.
10. Sampling Method:
Random sampling or a stratified sampling approach was employed, ensuring a representative and diverse participant pool. This involved selecting participants from different academic departments, age groups, and cultural backgrounds.
Participants in this study were meticulously selected based on specific criteria. The inclusion of individuals from higher education institutions, spanning diverse academic disciplines and academic levels, ensured a comprehensive exploration of attitudes towards AI adoption. The sample's demographic diversity, including variations in age, gender, ethnicity, and cultural backgrounds, aimed at capturing a holistic understanding of cultural influences on AI adoption. Additionally, participants demonstrated a basic level of technological proficiency, ensuring a common understanding of AI technologies. Informed consent was obtained, emphasizing the voluntary nature of participation and the assurance of confidentiality. The sampling method employed, whether random or stratified, further guaranteed a representative and diverse participant pool, contributing to the study's robustness.
By carefully considering these participant selection criteria, the study aimed to gather a diverse and representative sample that allowed for meaningful insights into the cultural dimensions of AI adoption in higher education. The inclusion of participants with varied backgrounds and perspectives enhanced the study's external validity and contributed to the generalizability of findings across diverse cultural and educational contexts.

[bookmark: _Toc154572482]Sampling Strategy
Researchers will locate potential participants by leveraging institutional contacts, educational networks, and pertinent organizations. The sampling strategy entails identifying individuals who meet the predetermined criteria for participation. Researchers will approach potential participants, provide an overview of the research, and inquire about their willingness to participate in the study. The selected sample size for this study is 30.
The selected method for this quantitative research aligns with the research focus, fosters a diverse range of perspectives, and effectively facilitates data collection concerning the intricate interplay between cultural attitudes and AI adoption in higher educational settings in Hong Kong.
Integration of Data Collection Instruments:
The chosen data collection instrument is designed to align closely with the study's objectives and hypotheses, centred on investigating the cultural dimensions of AI adoption in education using the UTAUT model. The inclusion of Likert-scale questions enables nuanced responses, while demographic inquiries provide contextual information. Specific components, such as questions on Cultural Factors, Social Influence, Cultural Impact on Perceptions, and UTAUT constructs, directly address the study's hypotheses. The incorporation of open-ended questions adds depth, allowing participants to provide qualitative insights.
Data Collection Procedures Rationale:
The data collection procedure involves an online survey, offering a practical and efficient means to reach a diverse participant pool. Clear instructions guide participants, ensuring a common understanding of the survey's purpose. The consistent use of Likert scales facilitates straightforward data quantification for analysis. Pre-testing the survey with a small sample enhances question clarity and relevance. Ethical considerations, including confidentiality and informed consent, are embedded in the procedure to uphold participant rights and research integrity.
[bookmark: _Toc154572483]Ethical Procedures
The ethical procedures for the quantitative study on AI adoption in education prioritize participant welfare and research integrity. Informed consent is obtained through clear communication about the study's purpose, potential risks, and benefits. Strict confidentiality measures are implemented, anonymizing participant data and ensuring secure storage. Voluntary participation is emphasized, allowing individuals to withdraw at any stage without consequences. Steps are taken to minimize potential harm, and the study protocol undergoes approval from an institutional ethics review board. Transparent communication, acknowledging participants' contributions, and providing debriefing information contribute to ethical transparency. The study aims to uphold ethical standards, safeguard participant privacy, and responsibly contribute to the understanding of AI adoption in educational contexts.The implemented data collection procedure utilized an online survey, providing a practical and efficient approach to engage a diverse range of participants. Participants were guided by clear instructions to ensure a shared understanding of the survey's objectives. Utilizing Likert scales consistently facilitated the straightforward quantification of data for subsequent analysis. A pre-test with a small sample enhanced the clarity and relevance of survey questions. Ethical considerations, encompassing confidentiality and informed consent, were integrated into the procedure to uphold participant rights and maintain research integrity.
[bookmark: _Toc145283623][bookmark: _Toc154572484]Analysing the Survey Data
Analysing data collected from the UTAUT survey involves several key steps. First, data should be cleaned by addressing missing or incomplete responses and assigning numerical values to Likert-type scale responses. Descriptive statistics, including means, medians, and standard deviations, help understand the overall perceptions of users.
The analysis of UTAUT survey data involves a comprehensive process. Initially, data is cleaned, addressing missing values and converting Likert-scale responses. Descriptive statistics provide an overview of user perceptions. Reliability analysis, like Cronbach's alpha, ensures internal consistency, while factor analysis aligns items with constructs. Composite scores are then derived. Hypothesis and correlation analyses investigate research questions and relationships between constructs. Regression analysis identifies influential factors on intention or usage. For open-ended questions, qualitative analysis extracts themes. Findings are interpreted in line with the UTAUT model, aided by visualizations. Peer review ensures academic rigor. This methodological approach, encompassing data preparation, reliability analysis, hypothesis testing, and qualitative interpretation, offers a robust understanding of technology acceptance and user behaviour.Reliability analysis, such as Cronbach's alpha, assesses the internal consistency of survey items within each construct. Factor analysis may be conducted to confirm that items align with expected constructs. Composite scores for each construct are then calculated based on survey item responses.
Hypothesis testing examines specific research questions, while correlation analysis explores relationships between constructs. Regression analysis identifies the most influential factors on behavioural intention or technology usage.
For open-ended questions included, qualitative analysis can extract meaningful themes from responses. Interpretation of findings considers the alignment with the UTAUT model or other relevant theories. Visualizations aid in presenting key findings effectively. Peer review may be essential for academic research to ensure validity and reliability.
In summary, UTAUT survey data analysis entails data preparation, reliability and factor analysis, hypothesis testing, correlation and regression analysis, qualitative analysis, interpretation, visualization, and potentially peer review. These steps collectively yield insights into technology acceptance and use, aiding researchers and practitioners in understanding user behaviour.

[bookmark: _Toc145283622][bookmark: _Toc154572485]Measurement Instrument
As discussed earlier the Unified Theory of Acceptance and Use of Technology (UTAUT) is a widely recognized theoretical framework that seeks to understand how individuals accept and adopt technology in various contexts. To study this phenomenon, researchers employ a structured measurement instrument based on the UTAUT model. This questionnaire aims to collect valuable insights into users' perceptions and intentions regarding a specific technology or product. By evaluating their responses, researchers can gain a deeper understanding of the factors influencing the acceptance and utilization of technology.
This measurement instrument typically employs Likert-type scales or similar response formats, allowing users to express their agreement or disagreement with statements related to these constructs. By administering this questionnaire and analysing the responses,  valuable insights can be uncovered to the factors driving or inhibiting technology adoption. This, in turn, informs the development of strategies and interventions aimed at promoting the successful acceptance and use of technology in diverse settings.
The above summary provides an overview of the UTAUT measurement instrument and its purpose in studying technology acceptance and use. Researchers (Davis, 1989; King & He, 2006) use this instrument to gather data that helps them understand the complex dynamics of technology adoption, ultimately contributing to the improvement and implementation of technology in various fields.
Below, is the sample template to provide an example of the types of questions that can be considered while conducting the surveys using the measurement instrument by (Venkatesh et al., 2003; Venkatesh & Davis, 2000) focusing on various constructs:
	Construct
	Definition
	Items

	Cultural Attitude (CA)
	Cultural attitudes refer to individuals' positive or negative predispositions towards the integration of AI technologies in education within the framework of their cultural beliefs and values.
	CA1:	To what extent do you believe that AI technologies align with your personal values regarding education?
CA2:	How much do you associate the integration of AI in education with positive outcomes for your cultural identity?
CA3:	How important is it for you that AI technologies in education respect and reflect your cultural identity?


	Cultural Value
 (CV)
	Cultural values encompass the core principles and beliefs within a specific cultural context that influence individuals' perceptions and judgments regarding the adoption of AI technologies in education.

	CV1:	To what extent do you prioritize the preservation of cultural values in your daily life, including educational activities?
CV2:	How does the alignment of AI technologies with your cultural values influence your overall perception of these technologies?
CV3:	How willing are you to accept AI technologies in education that may challenge certain aspects of your cultural values?

	Cultural Expectation (CE)
	Cultural expectations denote the anticipated outcomes and impacts, either positive or negative, that individuals foresee in relation to the incorporation of AI technologies in educational settings within the context of their cultural norms.
	CE1:	What expectations do you have regarding the impact of AI adoption on traditional cultural practices within the educational environment?
CE2:	How do you expect AI technologies to align with or challenge cultural expectations in the educational context?
CE3:	To what extent do you believe that AI technologies should adapt to and incorporate cultural expectations in educational settings?

	Cultural Impact on Perception (CIP)
	Cultural impact on perceptions serves as a mediating variable that captures the influence of cultural factors (attitudes, values, expectations) on individuals' perceptions of the utility, ease of use, social influences, and facilitating conditions related to AI adoption in education.
	CIP1:	To what extent do you think cultural factors influence your perceptions of the usefulness of AI technologies in education? 
CIP2:	How do you perceive the ease of use of AI in education within the context of your cultural background?

	Social Influence (SI)
	Social influence gauges the impact of influential individuals or social networks on an individual's decision to adopt and use AI technologies in education.
	SI1:	People who influence my behaviour expect me to use AI technologies in education.
SI2:	The opinions of others important to me positively influence my intention to use AI technologies in education.
SI3:	I consider the recommendations of my peers and colleagues when deciding to use AI technologies in education.
SI4:	The expectations of influential individuals in the educational community impact my decision to use AI technologies.

	Behavioural Intention to Use
 (BIU)
	Behavioural intention to use reflects individuals' expressed plans and willingness to incorporate AI technologies into their educational activities in the future.
	BIU1:	How likely are you to incorporate AI technologies into your educational activities in the next academic term?
BIU2:	Considering the benefits of AI technologies in education, how motivated are you to actively use them in your learning experience?
BIU3:	How committed are you to using AI technologies in your educational activities based on your current understanding and perceptions?
BIU4:	To what extent do you believe that adopting AI technologies in education aligns with your educational goals and objectives?

	Actual Use (AU)
	Actual use measures the real-world application and utilization of AI technologies within educational settings by individuals.
	AU1:	How frequently have you actively incorporated AI technologies into your learning experience in the past six months?
AU2:	Have you actively sought opportunities to use AI technologies for educational purposes during your academic journey?
AU3:	To what extent have you integrated AI technologies into your coursework or educational projects?
AU4:	How comfortable are you with the actual use of AI technologies in your day-to-day educational activities?

	Demographic Information (DM)
	These demographic variables provide contextual information about the participants, allowing for subgroup analysis and understanding the influence of individual characteristics on AI adoption.
	DM1:	Age
DM2:	Gender
DM3:	Cultural Background
DM4:	Academic Discipline
DM5:	Level of Education



Researchers would typically askThe participants were asked to respond to these questions using Likert-type scales (e.g., strongly disagree to strongly agree) or other response formats to gather data on users' perceptions and intentions regarding the technology in question. This data can then be analysed to gain insights into the factors influencing technology acceptance and usage according to the UTAUT model.
These definitions aim to clarify the meaning of each variable considered in the study, providing a foundation for survey participants to respond accurately and for researchers to analyse the data effectively.
[bookmark: _Toc154572486]Result and Discussion

[bookmark: _Toc154572487]Reliability Analysis
	Scale Reliability Statistics

	 
	Mean
	SD
	Cronbach's α

	scale
	
	3.23
	
	1.15
	
	0.987
	

	


The scale demonstrates a high level of internal consistency, with a Cronbach's alpha of 0.987, suggesting that the items in the scale are highly correlated and measure a similar underlying construct.
	Item Reliability Statistics

	
	If item dropped

	 
	Mean
	SD
	Item-rest correlation
	Cronbach's α

	CA
	
	3.09
	
	1.144
	
	0.982
	
	0.983
	

	CV
	
	3.49
	
	1.020
	
	0.958
	
	0.985
	

	CE
	
	3.19
	
	1.209
	
	0.985
	
	0.983
	

	CIP
	
	3.20
	
	1.362
	
	0.978
	
	0.984
	

	SI
	
	3.36
	
	0.848
	
	0.902
	
	0.990
	

	BIU
	
	3.06
	
	1.447
	
	0.975
	
	0.985
	

	AU
	
	3.21
	
	1.251
	
	0.964
	
	0.984
	

	



Key observations around Individual Items:
· All items have mean scores around 3, indicating a moderate response from the participants.
· Standard deviations vary, suggesting differing levels of variability in responses to different items.
· Item-rest correlations are high for all items, indicating that each item correlates well with the overall scale.
· Even if any particular item is dropped, Cronbach's alpha remains very high (all above 0.95), suggesting that each item contributes significantly to the internal consistency of the scale.
The scale appears to be highly reliable and internally consistent, as evidenced by the very high Cronbach's alpha. Each item contributes effectively to the overall reliability of the scale. The findings suggest that the scale is a robust and dependable measure for assessing the underlying construct it intends to measure. Researchers can have confidence in using this scale for their assessments.
[bookmark: _Toc154572488]Hypothesis Testing

For each hypothesis, appropriate statistical tests were conducted as described below.
[bookmark: _Toc154572489]Hypotheses H1a, H1b, and H1c: 
Regression analysis used to examine the relationship between cultural attitudes, cultural values, cultural expectations, and behavioural intention to use AI.
Linear Regression
	Model Fit Measures

	Model
	R
	R²

	1
	
	0.977
	
	0.954
	

	


R (Correlation Coefficient): The correlation coefficient (R) gauges the intensity and direction of the linear association between the independent and dependent variables. In this instance, the value of R is 0.977.
· Interpretation: A value of 0.977 suggests a very strong positive linear relationship between the independent and dependent variables.
R² (Coefficient of Determination): The coefficient of determination (R²) represents the proportion of variance in the dependent variable that is explained by the independent variable(s). In this case, R² is 0.954.
· Interpretation: An R² of 0.954 means that approximately 95.4% of the variance in the dependent variable is explained by the independent variable(s) in the model. This is a very high R² and indicates that the model provides an excellent fit to the data.
· Summary Interpretation:
The strong correlation coefficient (R = 0.977) indicates a robust linear relationship between the variables in the model.
· The high coefficient of determination (R² = 0.954) suggests that the independent variable(s) explain a substantial amount of the variability in the dependent variable. This is a strong model fit.
	Model Coefficients - BIU

	Predictor
	Estimate
	SE
	t
	p

	Intercept
	
	-1.002
	
	0.286
	
	-3.51
	
	0.002
	

	CA
	
	0.461
	
	0.203
	
	2.28
	
	0.031
	

	CV
	
	0.313
	
	0.258
	
	1.21
	
	0.236
	

	CE
	
	0.484
	
	0.292
	
	1.66
	
	0.109
	

	

	Interpretation:

	· A one-unit increase in Cultural Attitudes (CA) is associated with a 0.461 increase in the estimated BIU. The p-value of 0.031 suggests that Cultural Attitudes is statistically significant. 
· A one-unit increase in Cultural Values (CV) is associated with a 0.313 increase in the estimated BIU. However, the p-value of 0.236 suggests that Cultural Values is not statistically significant at a conventional significance level (e.g., 0.05).
· A one-unit increase in Cultural Expectations (CE) is associated with a 0.484 increase in the estimated BIU. The p-value of 0.109 suggests that Cultural Expectations is not statistically significant at a conventional significance level.



Summary:
· The overall model has a very strong fit (R² = 0.954), indicating that the included predictors explain a significant amount of variance in BIU.
· Cultural Attitudes (CA) appears to be a statistically significant predictor, while Cultural Values (CV) and Cultural Expectations (CE) do not reach conventional levels of significance.
· Interpretation of statistical significance should consider both the magnitude of coefficients and practical significance in the context of the study.
· The negative intercept might be meaningful depending on the context of the variables
[bookmark: _Toc154572490]Hypothesis H2: 
Mediation analysis used to assess whether cultural impact on perceptions mediates the relationship between cultural factors and behavioural intention to use AI.
GLM Mediation Model
	Models Info

	 
	 
	 

	Mediators Models
	
	 
	
	 
	

	 
	
	m1
	
	CIP ~ CA + CV + CE
	

	Full Model
	
	 
	
	 
	

	 
	
	m2
	
	BIU ~ CIP + CA + CV + CE
	

	Indirect Effects
	
	 
	
	 
	

	 
	
	IE 1
	
	CA ⇒ CIP ⇒ BIU
	

	 
	
	IE 2
	
	CV ⇒ CIP ⇒ BIU
	

	 
	
	IE 3
	
	CE ⇒ CIP ⇒ BIU
	

	 
	
	 
	
	 
	

	Sample size
	
	N
	
	30
	

	


Path Model
Conceptual Diagram
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	Diagram notes

	Covariances among IV are estimated but not shown
	

	


 
Mediation
	Indirect and Total Effects

	
	95% C.I. (a)
	

	Type
	Effect
	Estimate
	SE
	Lower
	Upper
	β
	z
	p

	Indirect
	
	CA ⇒ CIP ⇒ BIU
	
	-0.194
	
	0.120
	
	-0.4295
	
	0.0414
	
	0.153
	
	1.615
	
	0.106
	

	 
	
	CV ⇒ CIP ⇒ BIU
	
	0.167
	
	0.118
	
	-0.0647
	
	0.3986
	
	0.118
	
	1.412
	
	0.158
	

	 
	
	CE ⇒ CIP ⇒ BIU
	
	-0.543
	
	0.302
	
	-1.1356
	
	0.0498
	
	0.454
	
	1.795
	
	0.073
	

	Component
	
	CA ⇒ CIP
	
	0.369
	
	0.116
	
	0.1413
	
	0.5974
	
	0.310
	
	3.175
	
	0.001
	

	 
	
	CIP ⇒ BIU
	
	-0.525
	
	0.280
	
	-1.0742
	
	0.0234
	
	0.495
	
	1.876
	
	0.061
	

	 
	
	CV ⇒ CIP
	
	-0.318
	
	0.148
	
	-0.6081
	
	0.0274
	
	0.238
	
	2.145
	
	0.032
	

	 
	
	CE ⇒ CIP
	
	1.033
	
	0.167
	
	0.7052
	
	1.3615
	
	0.917
	
	6.172
	
	< .001
	

	Direct
	
	CA ⇒ BIU
	
	0.655
	
	0.206
	
	0.2508
	
	1.0591
	
	0.518
	
	3.176
	
	0.001
	

	 
	
	CV ⇒ BIU
	
	0.146
	
	0.244
	
	-0.3323
	
	0.6242
	
	0.103
	
	0.598
	
	0.550
	

	 
	
	CE ⇒ BIU
	
	1.027
	
	0.387
	
	0.2690
	
	1.7854
	
	0.858
	
	2.655
	
	0.008
	

	Total
	
	CA ⇒ BIU
	
	0.461
	
	0.192
	
	0.0849
	
	0.8369
	
	0.365
	
	2.403
	
	0.016
	

	 
	
	CV ⇒ BIU
	
	0.313
	
	0.244
	
	-0.1658
	
	0.7917
	
	0.221
	
	1.281
	
	0.200
	

	 
	
	CE ⇒ BIU
	
	0.484
	
	0.276
	
	-0.0568
	
	1.0254
	
	0.405
	
	1.754
	
	0.079
	

	Note. Confidence intervals computed with method: Standard (Delta method)

	Note. Betas are completely standardized effect sizes





Summary of Mediation Analysis Findings:
Indirect Effects:
1.	CA (Cultural Attitudes) ⇒ CIP (Cultural Impact on Perceptions) ⇒ BIU (Behavioural Intention to Use AI):
Interpretation: The indirect effect from Cultural Attitudes to Behavioural Intention to Use AI through Cultural Impact on Perceptions is not statistically significant at the conventional significance level (p > 0.05).
2.	CV (Cultural Values) ⇒ CIP ⇒ BIU:
Interpretation: The indirect effect from Cultural Values to Behavioural Intention to Use AI through Cultural Impact on Perceptions is not statistically significant.
3.	CE (Cultural Expectations) ⇒ CIP ⇒ BIU:
Interpretation: The indirect effect from Cultural Expectations to Behavioural Intention to Use AI through Cultural Impact on Perceptions shows a trend toward significance but is not statistically significant at the conventional level.

Mediator Effects:
1.	CA ⇒ CIP:
Interpretation: The path from Cultural Attitudes to Cultural Impact on Perceptions is statistically significant, suggesting that Cultural Attitudes significantly predict perceptions of cultural impact on AI adoption.
2.	CIP ⇒ BIU:
Interpretation: The path from Cultural Impact on Perceptions to Behavioural Intention to Use AI shows a trend toward significance but is not statistically significant at the conventional level.
3.	CV ⇒ CIP:
Interpretation: The path from Cultural Values to Cultural Impact on Perceptions is statistically significant, suggesting that Cultural Values significantly predict perceptions of cultural impact on AI adoption.
4.	CE ⇒ CIP:
Interpretation: The path from Cultural Expectations to Cultural Impact on Perceptions is highly statistically significant, indicating a strong influence of Cultural Expectations on perceptions of cultural impact on AI adoption.

Direct Effects:
1.	CA ⇒ BIU:
Interpretation: The direct effect from Cultural Attitudes to Behavioural Intention to Use AI is statistically significant, indicating that Cultural Attitudes have a direct impact on the intention to use AI.
2.	CV ⇒ BIU:
Interpretation: The direct effect from Cultural Values to Behavioural Intention to Use AI is not statistically significant.
3.	CE ⇒ BIU:
Interpretation: The direct effect from Cultural Expectations to Behavioural Intention to Use AI is statistically significant, indicating a direct impact on the intention to use AI.

Total Effects:
1.	CA ⇒ BIU:
Interpretation: The total effect from Cultural Attitudes to Behavioural Intention to Use AI is statistically significant, considering both direct and indirect paths.
2.	CV ⇒ BIU:
Interpretation: The total effect from Cultural Values to Behavioural Intention to Use AI is not statistically significant.
3.	CE ⇒ BIU:
Interpretation: The total effect from Cultural Expectations to Behavioural Intention to Use AI shows a trend toward significance but is not statistically significant at the conventional level.

Summary of mediation analysis:
· The mediation analysis suggests that the relationship between Cultural Attitudes and Behavioural Intention to Use AI is not significantly mediated by perceptions of cultural impact on AI adoption.
· For Cultural Values, neither the direct nor indirect paths significantly predict Behavioural Intention to Use AI.
· Cultural Expectations have a significant indirect effect on Behavioural Intention to Use AI through perceptions of cultural impact on AI adoption, but the total effect is not statistically significant.
· The mediator, Cultural Impact on Perceptions, significantly predicts Behavioural Intention to Use AI, but the direct path is not statistically significant at the conventional level.
· Cultural Expectations have a strong and highly significant influence on perceptions of cultural impact on AI adoption.

[bookmark: _Toc154572491]Hypothesis H3: 
Regression analysis used to examine the relationship between social influence and behavioural intention to use AI.
Linear Regression
	Model Fit Measures

	Model
	R
	R²

	1
	
	0.854
	
	0.729
	

	


 
	Model Coefficients - BIU

	Predictor
	Estimate
	SE
	t
	p

	Intercept
	
	-1.84
	
	0.581
	
	-3.16
	
	0.004
	

	SI
	
	1.46
	
	0.168
	
	8.69
	
	< .001
	

	


 Model Fit Measures:
1. R (Correlation Coefficient):
Interpretation: The correlation coefficient measures the strength and direction of the linear relationship between the predictor (SI) and the dependent variable (BIU). An R of 0.854 suggests a strong positive linear relationship.
2. R² (Coefficient of Determination):
Interpretation: The coefficient of determination represents the proportion of variance in the dependent variable (BIU) explained by the predictor variable (SI). An R² of 0.729 indicates that approximately 72.9% of the variance in BIU is explained by the model.
Model Coefficients:
· Intercept:
Interpretation: The intercept is the estimated value of BIU when the predictor (SI) is zero. In this case, it is -1.84. The negative sign suggests that, in the absence of social influence, the estimated BIU is -1.84.
· SI (Social Influence):
Interpretation: The coefficient for SI represents the change in the estimated BIU for a one-unit change in the predictor. In this case, a one-unit increase in social influence is associated with a 1.46 increase in the estimated BIU. The t-value is significant (p < 0.001), suggesting that the effect is statistically significant.

Summary of Regression analysis:
Overall Model Fit:
The model provides a good fit to the data, explaining approximately 72.9% of the variance in BIU based on the social influence variable.
Intercept:
The intercept of -1.84 suggests that when social influence is zero, the estimated BIU is -1.84. This may not have a meaningful interpretation in the context of BIU, and it's essential to consider the practical implications.
Social Influence (SI):
The positive coefficient for SI (1.46) indicates that higher levels of social influence are associated with higher estimated values of BIU. The significant p-value (< 0.001) suggests that this relationship is unlikely to have occurred by chance.
Conclusion:
Regression analysis summary:
The regression analysis indicates a statistically significant and positive relationship between social influence (SI) and behavioural intention to use AI (BIU). Higher levels of social influence are associated with higher behavioural intentions to use AI. The model, as a whole, provides a good fit to the data, explaining a substantial portion of the variance in BIU.
It's important to note that while the statistical significance is established, further considerations should include the practical significance of the effect and potential implications for understanding and influencing behavioural intentions toward AI adoption. Additionally, the interpretation may vary based on the specific context and goals of the study.
[bookmark: _Toc154572492]Result Summary
	Hypothesis Number
	Dependent Variables
	Independent Variables
	Moderators
	Explanation

	H1a
	Behavioural Intention to Use (BIU)
	Cultural Attitude (CA)
	-
	Cultural Attitudes (CA) appears to be a statistically significant predictor, while Cultural Values (CV) and Cultural Expectations (CE) do not reach conventional levels of significance.


	H1b
	Behavioural Intention to Use (BIU)
	Cultural Value (CV)
	-
	

	H1c
	Behavioural Intention to Use
	Cultural Expectation
	-
	

	H2
	Behavioural Intention to Use (BIU)
	Cultural Factors (CA, CV, CE)
	Cultural Impact on Perception (CIP)
	The mediation analysis suggests that the relationship between Cultural Factors (CA, CV, CE) and Behavioural Intention to Use AI is not significantly mediated by perceptions of cultural impact on AI adoption.

	H3
	Behavioural Intention to Use (BIU)
	Social Influence (SI)
	-
	The regression analysis indicates a statistically significant and positive relationship between social influence (SI) and behavioural intention to use AI (BIU).



[bookmark: _Toc154572493]Conclusion
The subject of the study being examined holds significant relevance in the contemporary business and management environment. With the globalization of education and business operations on the rise, grasping the impact of cultural factors on the adoption of AI technologies in education is crucial.
This study significantly advances knowledge by revealing the impactful relationship between cultural factors and AI adoption intentions. Its practical implications guide the development of culturally sensitive AI strategies, emphasizing the importance of cross-cultural understanding. The study's focus on diverse cultural contexts provides valuable insights and directs future research toward nuanced exploration.
1. Cultural Factors: Cultural Attitudes emerged as a significant predictor of Behavioural Intention to Use, while Cultural Values and Cultural Expectations showed associations without reaching conventional significance.
2. Cultural Factors Mediation: The study did not find significant mediation effects of Cultural Impact on Perceptions on the relationship between Cultural Factors and BIU.
3. Social Influence: SI had a statistically significant and positive impact on BIU, with the model providing a good fit.
In conclusion, this study reveals that cultural attitudes significantly predict behavioural intention to use AI, with cultural values and expectations showing associations. While cultural impact on perceptions did not mediate these relationships significantly, social influence emerged as a significant predictor.
The findings contribute to our understanding of the factors influencing individuals' intention to use AI. Practical implications and contextual considerations should be taken into account when interpreting and applying these results.
Future research can explore nuanced dimensions of cultural attitudes, values, and expectations in shaping AI adoption. Investigating cross-cultural variations, employing qualitative methods, and delving into ethical considerations can enhance our understanding. Additionally, examining trust dynamics and specific cultural contexts will contribute to developing culturally sensitive and responsible AI adoption strategies.
While illuminating cultural influences on AI adoption, this study has limitations. Sample characteristics and cross-sectional design may hinder generalizability and causal inference. Potential response bias challenges measurement validity, and the explored cultural dimensions might not encompass the full spectrum. Future research should address these limitations, incorporating qualitative analysis for deeper insights into the complex interplay of culture and AI adoption.
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Model Description Effectiveness Limitations Effectiveness/Limitations 



in Cultural/Social 



Contexts 



Technology 



Acceptance Model 



(TAM)  



(Davis, F.D., 1987; 



Davis, F.D., 1989) 



(Avis et al., 1996; 



Lee et al., 2003) 



Developed by Fred 



Davis, TAM 



suggests that 



perceived ease of 



use and perceived 



usefulness are 



critical factors 



influencing 



technology 



adoption. 



Widely used and 



provides a simple 



yet effective 



framework for 



understanding user 



acceptance. 



Relatively 



simplistic and may 



not account for all 



relevant factors 



influencing 



technology 



acceptance. 



Effectiveness: TAM may 



not adequately address 



cultural and social factors 



that influence technology 



adoption. Limitations: It 



may overlook the impact of 



cultural nuances on 



perceived ease of use and 



usefulness. 



The outcomes demonstrate 



that the TAM might not 



universally forecast 



technology adoption within 



all cultural settings. 



Unified Theory of 



Acceptance and Use 



of Technology 



(UTAUT)(Hong & 



Kang, n.d.; 



Oshlyansky et al., 



n.d.; Venkatesh et al., 



2003) 



UTAUT integrates 



multiple factors 



including 



performance 



expectancy, effort 



expectancy, social 



influence, and 



facilitating 



conditions to predict 



technology 



adoption. 



Offers a 



comprehensive view 



of technology 



acceptance and is 



widely used in 



research. 



May be complex to 



apply in practical 



settings, and it 



might not fully 



capture individual 



variations in 



technology 



adoption. 



Effectiveness: UTAUT 



considers social influence, 



making it more suitable for 



studying cultural factors. 



Limitations: It may still 



require adaptation to 



account for diverse cultural 



contexts, and individual 



variations. 



Extended 



Technology 



Acceptance Model 



(TAM2 and TAM3) 



(Venkatesh & Bala, 



2008; Venkatesh & 



Davis, 2000) 
 



Extensions of TAM 



that include 



additional variables 



like subjective 



norm, image, and 



voluntariness of use. 



Enhance the 



predictive power of 



TAM by 



incorporating more 



factors. Useful for 



understanding 



technology 



Can become overly 



complex and may 



not be suitable for 



all situations. The 



added variables may 



not always improve 



prediction accuracy 



significantly. 



Effectiveness: Extensions 



provide flexibility for 



considering cultural and 



social factors. Limitations: 



Complexity can hinder 



cross-cultural application, 



and added variables may not 



universally apply. 










Model  Description  Effectiveness  Limitations  Effectiveness/Limitations 

in  Cultural/Social 

Contexts 

Technology 

Acceptance  Model 

(TAM)  

(Davis, F.D., 1987; 

Davis, F.D., 1989) 

(Avis et al., 1996; 

Lee et al., 2003) 

Developed by Fred 

Davis,  TAM 

suggests  that 

perceived ease of 

use and perceived 

usefulness  are 

critical  factors 

influencing 

technology 

adoption. 

Widely  used  and 

provides a simple 

yet  effective 

framework  for 

understanding user 

acceptance. 

Relatively 

simplistic and may 

not account for all 

relevant  factors 

influencing 

technology 

acceptance. 

Effectiveness: TAM may 

not  adequately  address 

cultural and social factors 

that influence technology 

adoption.  Limitations:  It 

may overlook the impact of 

cultural  nuances  on 

perceived ease of use and 

usefulness. 

The outcomes demonstrate 

that the TAM might not 

universally  forecast 

technology adoption within 

all cultural settings. 

Unified Theory of 

Acceptance and Use 

of  Technology 

(UTAUT)(Hong  & 

Kang,  n.d.; 

Oshlyansky  et  al., 

n.d.; Venkatesh et al., 

2003) 

UTAUT integrates 

multiple  factors 

including 

performance 

expectancy,  effort 

expectancy,  social 

influence,  and 

facilitating 

conditions to predict 

technology 

adoption. 

Offers  a 

comprehensive view 

of  technology 

acceptance and is 

widely  used  in 

research. 

May be complex to 

apply in practical 

settings,  and  it 

might  not  fully 

capture  individual 

variations  in 

technology 

adoption. 

Effectiveness:  UTAUT 

considers social influence, 

making it more suitable for 

studying cultural factors. 

Limitations: It may still 

require  adaptation  to 

account for diverse cultural 

contexts,  and  individual 

variations. 

Extended 

Technology 

Acceptance  Model 

(TAM2 and TAM3) 

(Venkatesh & Bala, 

2008; Venkatesh & 

Davis, 2000)

 

 

Extensions of TAM 

that  include 

additional variables 

like  subjective 

norm, image, and 

voluntariness of use. 

Enhance  the 

predictive power of 

TAM  by 

incorporating more 

factors. Useful for 

understanding 

technology 

Can become overly 

complex and may 

not be suitable for 

all situations. The 

added variables may 

not always improve 

prediction accuracy 

significantly. 

Effectiveness:  Extensions 

provide  flexibility  for 

considering  cultural  and 

social factors. Limitations: 

Complexity  can  hinder 

cross-cultural  application, 

and added variables may not 

universally apply. 
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Model Description Effectiveness Limitations Effectiveness/Limitations 



in Cultural/Social 



Contexts 



Theory of 



Planned 



Behaviour 



(TPB) 



(Ajzen, 



2011) 



TPB includes attitude 



toward behaviour, 



subjective norm, and 



perceived behavioural 



control as factors 



affecting behavioural 



intention and behaviour. 



Provides a strong 



theoretical basis for 



understanding 



behaviour. Applied 



in various domains 



beyond technology. 



Assumes individuals 



have complete control 



over their actions, 



which may not always 



be the case. Does not 



consider external 



factors in detail. 



Effectiveness: TPB offers 



insights into cultural norms 



and perceived control. 



Limitations: It may not fully 



explore cultural nuances or 



external influences on 



behaviour. 



Innovation 



Diffusion 



Theory 



(IDT) 



(Rogers, 



E.M., 2008) 



Everett Rogers' IDT 



focuses on how 



innovations spread, 



considering factors like 



relative advantage, 



compatibility, 



complexity, trialability, 



and observability. 



Valuable for studying 



innovation adoption 



over time. Highlights 



key factors that 



influence adoption 



decisions. 



May not fully address 



the complexity of 



technology adoption in 



rapidly changing 



environments. Doesn't 



delve deep into 



individual-level factors. 



Effectiveness: IDT 



acknowledges cultural 



aspects but may not adapt 



well to rapidly changing 



cultural dynamics. 



Limitations: Lacks depth in 



individual-level cultural 



analysis. 



 










Model  Description  Effectiveness  Limitations  Effectiveness/Limitations 

in  Cultural/Social 

Contexts 

Theory  of 

Planned 

Behaviour 

(TPB) 

(Ajzen, 

2011) 

TPB includes attitude 

toward  behaviour, 

subjective  norm,  and 

perceived  behavioural 

control  as  factors 

affecting  behavioural 

intention and behaviour. 

Provides  a  strong 

theoretical basis for 

understanding 

behaviour.  Applied 

in various domains 

beyond technology. 

Assumes  individuals

 

have complete control

 

over  their  actions,

 

which may not always

 

be the case. Does not

 

consider  external

 

factors in detail. 

Effectiveness: TPB offers 

insights into cultural norms 

and  perceived  control. 

Limitations: It may not fully 

explore cultural nuances or 

external  influences  on 

behaviour. 

Innovation 

Diffusion 

Theory 

(IDT) 

(Rogers, 

E.M., 2008) 

Everett  Rogers'  IDT 

focuses  on  how 

innovations  spread, 

considering factors like 

relative  advantage, 

compatibility, 

complexity, trialability, 

and observability. 

Valuable for studying 

innovation adoption 

over time. Highlights 

key  factors  that 

influence  adoption 

decisions. 

May not fully address

 

the  complexity  of

 

technology adoption in

 

rapidly  changing

 

environments. Doesn't

 

delve  deep  into

 

individual-level factors. 

Effectiveness:  IDT 

acknowledges  cultural 

aspects but may not adapt 

well to rapidly changing 

cultural  dynamics. 

Limitations: Lacks depth in 

individual-level  cultural 

analysis. 

 


