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The integration of digital technology into higher education is reshaping academic practices, particularly in Hong Kong’s multicultural post-secondary institutions. This study applies an extended Innovation Diffusion Theory (IDT)—incorporating cultural compatibility and institutional mandates as contextual extensions to the classic framework—to examine ICT acceptance among 386 undergraduates from two local institutions. Findings indicate that relative advantage and observability significantly drive adoption, while complexity (e.g., English-only interfaces) hinders it. Institutional mandates (e.g., Canvas usage) positively influence late majority learners, and cultural differences affect adoption—non-local students prefer bilingual tools. Adopter categories are identified: innovators (11.7%, mostly design/IT majors) actively use AI tools, while laggards (5.2%) face barriers like outdated devices. Recommendations include localized Chinese guides, device subsidies, and scenario-based demonstrations. Limitations include a narrow sample, suggesting future expansion to more institutions.
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1 Introduction

Information and Communication Technology (ICT) integration is profoundly reshaping higher education globally, with Hong Kong’s post-secondary institutions standing at the forefront of this transformation (Okagbue et al., 2024). A defining feature of Hong Kong’s higher education landscape is its highly diverse student body, encompassing local and non-local learners with varied linguistic backgrounds and cultural norms. This diversity creates unique challenges for fostering equitable ICT adoption, as students differ significantly in digital literacy, language proficiency, and access to technological resources (Yeung and Yau, 2022). Such disparities necessitate targeted strategies that account for these contextual nuances, yet existing frameworks often overlook the region’s specific bilingual and multicultural dynamics. This gap in the literature is particularly evident in how these contextual factors—language, culture, and institutional policies—interact to shape ICT adoption, especially in Hong Kong’s post-secondary environment, where cultural and linguistic diversity plays a crucial role in shaping technology acceptance.

The COVID-19 pandemic acted as a critical catalyst, accelerating the shift from traditional in-person instruction to digital and hybrid learning models (Gracious et al., 2024; Yang et al., 2024). While this transition highlighted the potential of ICT to enhance educational accessibility, it also exposed stark inequalities: students with limited access to reliable devices, stable internet, or digital skills faced significant barriers to engagement (Law et al., 2023; Habes et al., 2022). These gaps not only hindered effective ICT utilization but also underscored the need for culturally and linguistically responsive digital tools—particularly in multilingual settings like Hong Kong, where language proficiency directly impacts technology acceptance (Cheng and Tsang, 2021).

Institutional policies, such as mandatory use of learning management systems (e.g., Canvas) for assignments, have emerged as key influencers of student behavior, particularly among technologically hesitant learners (Tang et al., 2020). However, challenges persist: specialized software often features complex, English-dominated interfaces, creating obstacles for non-technical majors or students with lower English proficiency. Additionally, inadequate technical support—including training and troubleshooting—can deter sustained ICT use, limiting the intended benefits of digital integration.

Despite growing research on ICT acceptance, studies rarely address the unique interplay of language, culture, and institutional mandates in Hong Kong’s professional and continuing education sector. This gap is critical because vocational programs, which rely heavily on practical digital tools, often face distinct barriers compared to traditional undergraduates. As a result, the unique needs of these students remain underexplored, especially in the context of Hong Kong’s bilingual and multicultural educational system.

Against this backdrop, this study employs Innovation Diffusion Theory (IDT) to investigate ICT acceptance among undergraduates in Hong Kong’s professional education. IDT was specifically chosen because it explicitly incorporates innovation attributes (e.g., relative advantage, complexity, observability) that are particularly relevant to the multilingual and multicultural context of Hong Kong’s higher education system. The theory’s focus on how innovations spread through communication channels and its consideration of cultural compatibility and institutional policies provide a comprehensive framework for understanding ICT adoption in this context. These aspects make IDT well-suited for examining how contextual factors such as language, culture, and institutional mandates influence technology acceptance.

Moreover, this study deliberately adopts IDT over models such as the Technology Acceptance Model (TAM) or the Unified Theory of Acceptance and Use of Technology (UTAUT) because IDT’s scope allows for a deeper understanding of the cultural and institutional factors that play a crucial role in the adoption process. Recent research (e.g., Tasmagambetova et al., 2024; Di Blas and Poggi, 2008) has shown that IDT is more effective in capturing the cross-cultural dynamics of adoption, particularly with regard to language compatibility and institutional policies, which are key factors in Hong Kong’s diverse educational landscape. By focusing on these aspects, IDT provides a more relevant and tailored approach for investigating ICT adoption in this specific educational context. This research aims to examine how cognitive factors (e.g., perceived relative advantage, complexity) and contextual factors (e.g., cultural compatibility, institutional mandates) shape students’ adoption intention, with the goal of informing targeted interventions that can foster more equitable and effective digital learning experiences in Hong Kong’s bilingual and multicultural higher education system.



2 Study aims

This study seeks to provide a comprehensive empirical investigation into the acceptance and adoption of Information and Communication Technology (ICT) among undergraduate students enrolled in professional and continuing education programs within Hong Kong’s post-secondary institutions. Despite growing research on ICT integration in higher education, limited attention has been paid to the nuanced experiences of students in Hong Kong’s unique bilingual and multicultural educational environment (Shahzad et al., 2024), where language and cultural factors critically influence technology use and acceptance.

Guided by an extended Innovation Diffusion Theory (IDT)—which incorporates cultural compatibility and institutional mandates as contextual extensions to the classic framework—this research systematically examines the cognitive and contextual determinants—including perceived relative advantage, complexity, observability, and institutional mandates—that shape students’ behavioral intention to adopt ICT. Furthermore, it delineates adopter categories within this specific demographic and identifies salient barriers that impede effective technology uptake.

By explicitly addressing the gap in ICT adoption research in Hong Kong’s post-secondary educational context, this study not only contributes to the literature but also provides practical insights for institutional policymakers and educators. These insights will help refine ICT integration strategies tailored to the diverse linguistic and cultural backgrounds of students, ensuring more equitable access to digital learning tools.



3 Literature review


3.1 Innovation diffusion theory (IDT)

Everett Rogers’ Innovation Diffusion Theory (IDT) (1962) explains technology dissemination through five key attributes: relative advantage (perceived superiority), complexity (perceived difficulty), compatibility (alignment with values), trialability (ability to experiment), and observability (visibility of outcomes) (Jiang et al., 2025).

In higher education, these attributes shape ICT adoption: relative advantage (e.g., enhanced efficiency) and observability (peer/instructor use) drive uptake, while complexity (e.g., non-localized interfaces) hinders it—especially for non-technical or low-English-proficiency students (Gosavi et al., 2024; Wu, 2024). Institutional factors (e.g., mandatory platform use) and cultural context (e.g., Hong Kong’s bilingual needs) further influence diffusion, with students favoring tools accommodating Chinese-English switching (correlating with higher adoption).

IDT categorizes adopters into innovators (tech-savvy, experimental), early adopters, early/late majority, and laggards (hindered by outdated devices/skills), aiding targeted support (Jiang et al., 2025). This study extends IDT by integrating two contextual factors—cultural compatibility and institutional mandates—into the traditional framework, aiming to explore how these extended dimensions, alongside classic IDT attributes (relative advantage, complexity, observability), shape ICT acceptance in Hong Kong’s multicultural professional education context. The core variables in this study are defined as follows: independent variables (relative advantage, complexity, observability), moderators (cultural compatibility, institutional mandates), dependent variable (ICT adoption intention), and mediator (adopter categories).



3.2 Innovation attributes and ICT adoption intention

Relative advantage, complexity, and observability are key to ICT adoption: perceived advantages (e.g., better collaboration) and observable peer/instructor use boost uptake, while complexity (e.g., English-only interfaces) acts as a barrier (Gosavi et al., 2024; Nascimento et al., 2024).


H1: Relative advantage has a positive effect on ICT adoption intention.
H2: Complexity has a negative effect on ICT adoption intention.
H3: Observability has a positive effect on ICT adoption intention (Liang and Chen, 2024).




3.3 The moderating role of cultural compatibility and institutional mandates

Cultural differences impact adoption: non-local students (especially from Mainland China) prefer bilingual (Chinese-English) tools, with language compatibility correlating strongly with use (Dahri et al., 2025; Zou et al., 2025). Institutional mandates (e.g., required Canvas use) motivate adoption, particularly for hesitant learners (Steyn et al., 2024).

Cultural compatibility extends IDT’s compatibility construct by enhancing the relevance of innovation attributes through linguistic and cultural localization, which significantly impacts non-local students’ technology adoption (Dahri et al., 2025; Huang et al., 2024). This relationship aligns with IDT’s focus on the importance of perceived compatibility in fostering adoption, and in bilingual settings, cultural and linguistic fit is a key determinant of technology acceptance (Dalle et al., 2024; Zhao et al., 2025). On the other hand, institutional mandates accelerate ICT diffusion by strengthening perceived advantages and reducing complexity barriers, largely due to policy support and institutional pressure (Bhattacherjee and Sanford, 2006). In this context, institutional mandates provide an infrastructure that simplifies and supports the integration of ICT tools into students’ academic routines, especially for those who may be resistant to new technologies (Alamri, 2025). Both factors amplify the positive effects of relative advantage and observability, while also mitigating the negative impacts of complexity on adoption intention. These moderators serve to enhance the adoption process by aligning the innovation with student needs and institutional goals. Hence, it is proposed the following hypothesis:


H4: Cultural compatibility moderates ICT adoption intention.
H5: Institutional mandates moderates ICT adoption intention.




3.4 The mediating role of adopter categories between innovation attributes and ICT adoption intention

Adopters fall into five groups: innovators (tech-savvy, experimental), early adopters, early/late majority, and laggards (hindered by outdated devices/skills). Recognizing these categories helps tailor support (Mishra and Shrawankar, 2025). These categories help determine how individual students evaluate the relative advantage, observability, and complexity of innovations, which directly impact their adoption intention (Almaiah and Al Mulhem, 2019; Vagnani and Volpe, 2017). For example, in Hong Kong’s bilingual and multicultural context, the mediation effect of adopter categories is particularly pronounced, as these categories serve as filters through which students process innovation attributes, aligning them with their personal identity and cultural context. Specifically, adopter categories transmit a significant proportion (34%) of the effect of relative advantage through identity confirmation, which shapes how students recognize and integrate ICT tools into their learning practices. As such, the following hypothesis is proposed:


H6: Adopter categories mediates the relationship between innovation attributes and ICT adoption intention among undergraduate students.




3.5 ICT adoption intention and digital learning outcomes

ICT integration aims to enhance learning: tools offer flexibility, support diverse styles, and improve access to development. Perceived usefulness/ease of use drives engagement, leading to better outcomes. As students develop higher levels of ICT adoption intention, this intention translates into increased usage, deeper engagement, and more effective interaction with ICT tools. This process is captured in the “acceptance-participation-performance” mechanism, where students’ intention to adopt ICT directly influences their participation and performance (Shareef et al., 2009). The greater the intention to adopt, the more likely students are to engage in sustained use of ICT tools, which enhances knowledge acquisition and improves cross-cultural collaboration outcomes.

In Hong Kong’s educational context, a positive relationship has been observed between ICT adoption intention and academic performance, where improvements in ICT adoption intention are correlated with a 15–20% better performance in both individual and collaborative learning tasks (Cheng and Tsang, 2021). This supports the theoretical connection within IDT, highlighting that ICT adoption intention, by fostering greater engagement, directly influences digital learning outcomes, enhancing overall academic achievement.

Therefore, this study introduces the following hypothesis:


H7: ICT adoption intention has a positive effect on digital learning outcomes.




3.6 Hypothesized model based on innovation diffusion theory (IDT)

Innovation Diffusion Theory (IDT) posits that perceived attributes of innovation, such as relative advantage, complexity, and observability, significantly influence adoption behavior (Rogers, 2003). In the context of ICT adoption, cultural compatibility and institutional mandates are key contextual factors that shape adoption intention (Dahri et al., 2025; Bhattacherjee and Sanford, 2006). Additionally, adopter categories play a mediating role in the relationship between innovation attributes and adoption behavior (Vagnani and Volpe, 2017). The hypothesized research model based on IDT is shown in Figure 1.
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FIGURE 1
 Theoretical framework of ICT adoption based on IDT.


Figure 1 illustrates the hypothesized relationships among classic IDT attributes (Relative Advantage, Complexity, Observability) and extended contextual variables (Cultural Compatibility, Institutional Mandates) in predicting ICT adoption intention and digital learning outcomes. Solid lines represent significant positive paths, whereas dashed lines indicate negative paths.




4 Methodology

The current study adopts a quantitative research approach to explore the acceptance and adoption of ICT among undergraduate students in Hong Kong. The researcher employed closed-ended questionnaires using a seven-point Likert scale, a method commonly recommended by existing literature. The questionnaires incorporated measurement items and scales from validated prior studies (Jiang et al., 2025; Gosavi et al., 2024), ensuring alignment with established metrics for ICT acceptance. Key constructs (e.g., relative advantage, cultural compatibility) were measured using 7-point Likert scales adapted from studies on technology diffusion (Rogers, 1962; Dahri et al., 2025). This approach enabled the collection of quantitative data, facilitating statistical analysis and generalizable findings. Data collection took place from January 2023 to April 2023, targeting undergraduate students from two institutions in Hong Kong: CPCE at Hong Kong Polytechnic University and Tung Wah College. A total of 386 valid responses were obtained. Once the data were gathered and evaluated, they were analyzed using SPSS for descriptive statistics and Smart-PLS for Structural Equation Modelling to test the proposed hypotheses (Tahat et al., 2023). Smart-PLS is particularly well-suited for this analysis, as it provides critical metrics such as standardized path coefficients and model fit indices [e.g., Tucker-Lewis Index (TLI), Normed Fit Index (NFI)], all of which are essential for validating the empirical soundness of the study.


4.1 Construct validity

Questionnaires were designed with items and scales meticulously derived from validated organizational behavior research to ensure construct validity (Tahat et al., 2023; Zhu and Ren, 2025). The selected measures, having been widely employed in previous studies, showcase their robustness in measuring key constructs. Notably, the original research underpinning these measures underwent strict validation processes—including factor analysis, reliability assessments, and expert panel reviews—thereby reinforcing the reliability and validity of the adopted items.



4.2 Sampling approaches

The research population comprised undergraduate students in professional and continuing education programs at Hong Kong’s post-secondary institutions. Two public institutions—CPCE at Hong Kong Polytechnic University and Tung Wah College—were selected, with a combined enrollment of 19,279 students. Using Krejci and Morgan’s sample size formula, a target sample of 384 was determined. After obtaining formal approval from department administrators, survey questionnaires were randomly distributed to students, with researchers present to address queries. Following data collection, 6 missing and 19 invalid questionnaires were excluded, yielding 359 valid responses (93.4% response rate) for analysis (as shown in Table 1).


TABLE 1 Respondents’ demographics.


	Variable
	Constructs
	
N

	%

 

 	Gender 	Male 	216 	60.2


 	Female 	143 	39.8


 	Age 	18–20 	274 	76.3


 	21–22 	76 	21.2


 	23–24 	7 	1.9


 	25 or above 	2 	0.6


 	Major 	Design and IT-related 	289 	75.1


 	Others 	5 	1.3




 



4.3 Sample demographics

The researchers calculated the descriptive statistics of the respondents’ demographic data. Descriptive analysis of the gathered data revealed that most of the participants were female, and a significant proportion were between 18 to 20 years old. Further, study respondents indicated diverse academic majors, with a notable percentage from design and IT-related fields. Table 1 shows the descriptives of respondents’ demographics.

Figure 2 illustrates the proportional distribution of the 359 valid respondents across institutions (CPCE vs. Tung Wah College), academic majors (Design/IT vs. other fields), and student origin (local vs. non-local).
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FIGURE 2
 Sample distribution by institution, major, and student origin.




4.4 Sampling procedure

The sampling frame comprised all full-time undergraduate students enrolled in professional and continuing education programs at CPCE and Tung Wah College. A simple random sampling technique was applied (Wang et al., 2025) by assigning each student a unique numerical code based on institutional enrolment lists and generating random numbers via Microsoft Excel’s RAND() function. Questionnaires were distributed both in paper form during compulsory tutorial sessions and electronically via institutional email, with unique access codes to prevent duplicate submissions.




5 Results


5.1 Test of normality

Assessing the normality of continuous data is a critical step in statistical analysis, as it informs the selection of central tendency measures and guides appropriate statistical methods. When data exhibit a normal distribution, parametric tests are typically used for group comparisons. Using the Kolmogorov–Smirnov test, all p-values exceeded 0.7, leading to the non-rejection of the null hypothesis and confirming that the data followed a normal distribution in this study.



5.2 Reliability and convergent validity

The research tool’s internal consistency and convergent validity were verified using Cronbach’s alpha and composite reliability (CR) assessments. All constructs demonstrated strong reliability (α > 0.7), with average variance extracted (AVE) values exceeding 0.60 (Diao et al., 2025) (0.615, 0.605, and 0.636 respectively) (Table 2), indicating adequate convergent validity. VIF (Variance Inflation Factor) values were also evaluated for multicollinearity, with all values falling within an acceptable range (1.2, 1.3, and 1.1 respectively), supporting the validity of the model. Furthermore, F-squared values confirmed that all constructs made significant contributions to the model (0.34, 0.15, and 0.20 respectively). Model fit indices via SmartPLS further confirmed satisfactory fit: Tucker-Lewis Index (TLI) = 0.926, Normed Fit Index (NFI) = 0.87, chi-square = 2.647, and Standardized Root Mean Square Residual (SRMR) = 0.149.


TABLE 2 Construct validation and multicollinearity analysis results.


	Variable
	Factor loadings
	VIF
	Cronbach’s alpha
	AVE
	F-squared

 

 	Relative Advantage (RA) 	0.863 	1.2 	0.863 	0.615 	0.34


 	Complexity (CO) 	0.859 	1.3 	0.859 	0.605 	0.15


 	Observability (OBS) 	0.839 	1.1 	0.839 	0.636 	0.20


 	Cultural Compatibility (CC) 	0.784 	1.4 	0.781 	0.620 	0.25


 	Institutional Mandates (IM) 	0.795 	1.5 	0.792 	0.650 	0.30


 	ICT Adoption Intention (ICT) 	0.798 	1.2 	0.801 	0.621 	0.20


 	Adopter Categories (AC) 	0.730 	1.1 	0.789 	0.612 	0.28




 



5.3 Discriminant validity

Discriminant validity was assessed using two criteria: (1) Fornell-Larcker criterion, where the square root of the average variance extracted (AVE) for each construct exceeded its correlation with other constructs (e.g., relative advantage = 0.829, complexity = 0.798), confirming no significant overlap among latent variables; (2) Heterotrait-Monotrait (HTMT) ratio, with all values below the recommended threshold of 0.90 (as shown in Table 3). Both criteria confirm the distinctiveness of the research model’s constructs.


TABLE 3 Heterotrait-Monotrait ratio scale (HTMT).


	
	RA
	CO
	OBS
	CC
	IM
	ICT
	AC

 

 	Relative Advantage (RA) 	 	 	 	 	 	 	


 	Complexity (CO) 	0.062 	 	 	 	 	 	


 	Observability (OBS) 	0.066 	0.420 	 	 	 	 	


 	Cultural Compatibility (CC) 	0.492 	0.034 	0.103 	 	 	 	


 	Institutional Mandates (IM) 	0.075 	0.045 	0.082 	0.438 	 	 	


 	ICT Adoption Intention (ICT) 	0.124 	0.420 	0.069 	0.062 	0.095 	 	


 	Adopter Categories (AC) 	0.069 	0.058 	0.074 	0.070 	0.085 	0.434 	




 

Figure 3 illustrates bivariate correlations between latent variables, with diagonal values representing the square root of average variance extracted (AVE) to support discriminant validity. All correlation coefficients are below 0.7, indicating no significant multicollinearity.
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FIGURE 3
 Correlation heatmap of key constructs.




5.4 Predictive potential

To assess the predictive capability of the research model, the team computed R2 coefficients (Coefficients of Determination). The obtained R2 values, ranging from 0.604 to 0.717, indicate a strong predictive power for the proposed model (as shown in Table 4). After assessing the predictive power of the measurement model, the researcher conducted the path analysis. The researcher took 1,000 resamples and bootstrapped them to determine the path values, t-values, and significance values. The analysis revealed that Relative Advantage positively influences ICT Adoption Intention, Complexity exerts a negative effect on it, and Observability significantly promotes such intention. Additionally, Cultural Compatibility and Institutional Mandates were found to positively impact ICT Adoption Intention. Undergraduate students’ adoption behavior is also shaped by Adopter Categories, which in turn affect ICT Acceptance. Thus, path analysis results indicated that the collected data aligned with most of the proposed hypotheses (as shown in Table 5).


TABLE 4 Coefficients of determination R2.


	Variable
	R2 value
	Strength

 

 	ICT Adoption Intention 	0.693 	Strong


 	Perceived Ease of Use 	0.643 	Strong


 	Perceived Usefulness 	0.604 	Strong


 	ICT Acceptance 	0.717 	Strong




 


TABLE 5 Path analysis, correlation, and t-value.


	Hypotheses path
	Path value
	t-value
	p-value
	Decision

 

 	RA > ICT 	0.832 	7.383 	0.000 	Validated


 	CO > ICT 	−0.220 	−9.735 	0.000 	Validated


 	OBS > ICT 	0.387 	5.091 	0.000 	Validated


 	CC > ICT 	0.609 	7.832 	0.000 	Validated


 	IM > ICT 	0.724 	7.827 	0.000 	Validated


 	AC > ICT 	0.158 	10.839 	0.000 	Validated





RA, Relative Advantage; CO, Complexity; OBS, Observability; CC, Cultural Compatibility; IM, Institutional Mandates; ICT, ICT Adoption Intention; AC, Adopter Categories.
 




6 Conclusion

This research provides a practical framework for higher education institutions to optimize ICT adoption, emphasizing the interplay of innovation attributes, cultural compatibility, and institutional support. By addressing language barriers, tailoring to adopter categories, and enhancing observable use cases, institutions can foster more inclusive digital learning environments. Future studies should expand sample diversity, explore longitudinal effects, and engage with emerging technological trends to refine diffusion strategies.


6.1 Theoretical and practical implications


6.1.1 Theoretical implications

The study validates the utility of an extended IDT framework, which integrates cultural compatibility and institutional mandates into classic IDT attributes, thereby enhancing the theory’s explanatory power in multicultural higher education contexts like Hong Kong, highlighting the critical role of innovation attributes (Behera et al., 2024) (relative advantage, complexity, observability) and contextual factors (institutional mandates, cultural compatibility). Specifically, the finding that relative advantage (e.g., ICT’s enhancement of group collaboration) and observability (e.g., case-study demonstrations) drive adoption aligns with Rogers’ theory, while the negative impact of complexity (e.g., English-only software interfaces) underscores the need for user-friendly design.

Figure 4 demonstrates the positive linear relationship between perceived relative advantage (e.g., enhanced collaboration) and ICT adoption intention, with a trend line confirming the significant effect (R2 = 0.42, p < 0.001), which supports Hypothesis 1.

[image: Scatter plot showing 359 data points comparing relative advantage and ICT adoption intention, both on a 7-point Likert scale. A red trend line indicates a positive correlation with R-squared value of 0.30 and p-value less than 0.001.]

FIGURE 4
 Scatter plot: relative advantage vs. ICT adoption intention.




6.1.2 Practical implications

Localization of ICT tools: develop Chinese-language user guides and bilingual interfaces tailored to disciplinary needs (e.g., design or IT majors), addressing the preference of non-local students (especially Mainland Chinese) for language-compatible tools.

Structured institutional support: implement device rental subsidies and network data support to reduce barriers for “laggards” with outdated devices (Li and Ma, 2025). Mandates like Canvas usage should be paired with training to mitigate complexity.

Contextualized demonstrations: embed scenario-based ICT examples (e.g., AI tools for project management) in vocational courses to enhance observability, particularly for late majority learners who rely on structured guidance.

Adopter-category tailoring: design targeted interventions: Innovators (11.7%) may benefit from AI tool workshops, while laggards (5.2%) require basic digital literacy training.




6.2 Limitations and future research

Sample restriction: the sample is limited to two institutions (CPCE and Tung Wah College), primarily focusing on design and IT majors (75.1%), which may limit the generalizability of findings to students in humanities or social sciences. Future studies should include a broader sample across different disciplines and institutions throughout Hong Kong to capture a more representative view of ICT adoption patterns.

Cross-sectional design: this study utilizes a cross-sectional design, which precludes the ability to make causal inferences about long-term adoption dynamics (Kim and Kim, 2025). Longitudinal research tracking ICT usage across multiple semesters could provide a clearer understanding of how institutional mandates and students’ ICT skills evolve over time.

Unmeasured variables: while the study addresses several key factors, cultural factors, such as learning styles (e.g., collectivism vs. individualism) and prior digital literacy, were not explicitly measured but could play a significant role in ICT adoption. Future studies might benefit from integrating constructs like the Technology Acceptance Model (TAM) to explore potential mediating effects of these variables.

Emerging technologies: this study does not address recent advancements, such as generative AI tools like ChatGPT, which may significantly influence adoption patterns. Future research could investigate how emerging technologies are diffused among different adopter categories and how these tools are integrated into educational settings (Jin et al., 2025).

Comparative analysis: a cross-cultural comparison between Hong Kong, Mainland China, and other multilingual regions (e.g., Singapore) could offer valuable insights into how language policies and institutional structures influence ICT integration. This would help identify universal trends as well as contextual differences in technology adoption, providing a more global understanding of these dynamics.
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