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ABSTRACT

This study develops a refined theoretical model to explain lecturers’ intentions to adopt generative Al in higher
education. It extends the combined perspectives of the Diffusion of Innovation (DOI) and Task-Technology Fit
(T'TF) frameworks. The model includes technological, social, and cognitive factors that shape lecturers’ decisions
when adopting new technologies. Data were collected from 246 lecturers across Indonesian universities and
analyzed using Structural Equation Modeling (SEM). The results show that lecturers’ perceptions of the benefits
of generative Al strongly influence their intention to adopt it. These benefits include its relative advantage and
its intelligent functions. The results also show that these perceived benefits shape social expectations in academic
environments. However, concerns about privacy and perceived risks weaken these social influences, reducing
the likelihood of adoption. The study also finds a gender difference. Male lecturers are more influenced by social
factors than female lecturers. This study contributes to theory by refining the DOI-TTF framework. It explains
how technological perceptions, cognitive judgments, and social pressures work together to influence adoption
decisions. This topic has received limited attention in earlier studies. The practical implications highlight the
importance of peer support, clear institutional guidelines, and targeted training to promote responsible and
effective adoption of Al in higher education.
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INTRODUCTION

The rapid development of information technology has brought significant changes to many aspects of life.
Among these, artificial intelligence (AI) stands out as one of the most transformative technologies, capable of
understanding its environment and making autonomous decisions to achieve specific goals (Sheikh etal., 2023).
Al has revolutionized multiple fields, including education (Kamalov et al., 2023), enabling more interactive
and personalized learning experiences (Nur Solihat et al., 2024). In this field, generative Al has become an
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important development. It can produce learning materials that match individual needs. This capability is
supported by progress in mobile internet, cloud computing, and big data. (Kabudi et al., 2021). Al-powered
chatbots, such as ChatGPT, utilize transformer-based neural networks (Yates et al., 2024), enabling them to
engage in natural and meaningful conversations across a wide range of topics (Welsby & Cheung, 2023).

In higher education, Generative Al tools such as ChatGPT, Gemini, Copilot, and Perplexity are increasingly
used to support teaching and learning (Mittal et al., 2024). These tools enhance teaching effectiveness,
make learning more engaging, and contribute to the overall development of higher education (Lee et al.,
2024; Owoc et al., 2021). They are applied across disciplines, from science and technology to the social
sciences, changing how lessons are delivered and understood (Belkina et al., 2025; Bhullar et al., 2024). One
significant advantage of Generative Al is its ability to provide instant feedback, helping students identify
and correct mistakes more quickly (Montenegro-Rueda et al., 2023). It also assists lecturers by saving time,
improving instructional design, and supporting research and writing tasks through intelligent suggestions
and grammar refinement (Ngo, 2023).

Moreover, Generative Al fosters creativity and critical thinking by encouraging more profound exploration of
topics and adapting to different learning styles (Kiryakova & Angelova, 2023). However, despite its benefits,
several challenges remain. These include the spread of misinformation from unverified sources (Hennekeuser et
al., 2024), lecturers’ limited familiarity with Al tools (Mah & GroB, 2024), and concerns regarding academic
integrity (Michel-Villarreal et al., 2023). While current research primarily focuses on students’ use of Generative
Al (Yu et al., 2024; Almogren et al., 2024), studies exploring lecturers’ adoption are scarce, particularly in the
Indonesian higher education context. This research gap underscores the need for a comprehensive framework
that encompasses the facilitators and barriers influencing lecturers” adoption of Al tools.

To address this gap, this study combines the Diffusion of Innovation (DOI) theory and the Task-Technology
Fit (TTF) theory. The goal is to develop a clear model that explains how lecturers adopt generative Al in
higher education. Previous studies have examined factors such as perceived advantages, system usefulness,
social influence, and perceived intelligence (Shahzad et al., 2024; Lai et al., 2024), yet these theories are
often applied independently. In this study, DOI and TTF are viewed as interdependent and complementary
perspectives that explain different but related aspects of adoption. DOI focuses on the perceived attributes
of innovation and how these shape initial attitudes and intentions toward new technologies (Pinho et al.,
2021). TTE, conversely, explains how effectively a technology supports the performance of specific academic
tasks (Przegalinska et al., 2025). Integrating these two perspectives provides a more complete explanation
of the adoption process. The DOI framework helps describe how innovation-related beliefs form. The TTF
framework explains how these beliefs connect to the practical fit between the technology and the tasks.

Several earlier studies have combined DOI and TTF to explain adoption behavior (Gu et al., 2015; Kim,
2009). However, these studies mainly examined whether DOI constructs directly affect TTF or behavioral
intention. Their focus was limited to examining the structural links between innovation attributes and
technology performance. They did not consider the wider social and contextual conditions that shape
adoption. In contrast, this study extends the DOI-TTF integration by embedding it within the unique
context of Generative Al adoption in higher education. In this context, perceived intelligence, ethical
sensitivity, and privacy concerns create behavioral complexities that earlier DOI-TTF frameworks did not
address. Furthermore, this study incorporates subjective norms as a social dimension. These norms reflect
how organizational culture and peer influence shape individual adoption decisions. This addition provides a
more contextual explanation of technology acceptance among lecturers. The theoretical contribution of this
integration lies in its contextual and structural refinement. Rather than merely combining DOI and TTE
the proposed model reconceptualizes the relationship between innovation perception and task alignment
as mediated by social and ethical factors. Social influence (subjective norms) and perceived intelligence are
positioned as bridging constructs that transform perceived innovation advantages into meaningful task—
technology alignment. This approach strengthens the DOI-TTF integration by moving beyond a purely
functional view. It offers a deeper understanding of how innovation beliefs develop into adoption behavior.
It also shows how this process occurs within social and ethical contexts, such as those found in higher
education. This refinement helps the model connect perceived innovation with actual task usefulness. It
also improves theoretical clarity by showing that adoption decisions operate at multiple levels. Overall,
this study offers an integrated view of how lecturers adopt generative Al in higher education. It examines
both the factors that support adoption and the factors that limit it. The findings are expected to identify
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the key determinants of effective Al use and provide practical guidance for institutions that aim to promote
responsible and sustainable Al integration. Although the study focuses on lecturers who have at least a basic
understanding of generative Al, which strengthens construct validity but may reduce generalizability, the
results still offer important insights. These insights can guide future research and help higher education
institutions improve teaching innovation through Al adoption.

LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT

The adoption of Generative Al in higher education has been widely studied using various theoretical models,
including the Technology Acceptance Model (TAM), the Unified Theory of Acceptance and Use of Technology
(UTAUT), the Diffusion of Innovation (DOI), and the Uses & Gratifications (U&G) theory. Key factors
influencing adoption include perceived usefulness, ease of use, performance expectancy, effort expectancy,
trust, feedback quality, privacy concerns, and social influence (Bhat et al., 2024; Almogren et al., 2024;
Shahzad et al., 2024; Yu et al., 2024). Other influences include extrinsic motivation, hedonic motivation,
technology readiness, and security concerns, which affect behavioral intention and continued use (Al-Kfairy,
2024; Lai et al., 2024). While some studies focus on educators’ perspectives (Bhat et al., 2024), most research
explores student adoption of Al for learning (Lai et al., 2024; Pillai et al., 2024). Recurring concerns involve
trust, ethical considerations, Als role in decision-making, assessment reliability, and academic integrity (Pan
et al., 2024). However, Al adoption remains contingent on technological familiarity, institutional support,
and ethical policies, requiring further research into its pedagogical implications.

While prior research has focused on student adoption, studies on lecturer adoption remain limited,
particularly in Indonesia. This gap leaves limited insight into how institutional, teaching, and ethical factors
influence lecturers’ adoption behavior. To address this gap, the present study focuses on lecturers’ adoption
of Generative Al and introduces a novel theoretical model that shifts the focus to lecturers, addressing their
unique challenges in adopting this technology. It integrates DOI and Task-Technology Fit (T'TF) theory to
assess Al’s alignment with academic tasks. Unlike previous models, this study explicitly examines privacy
concerns and perceived risk as barriers, offering a comprehensive understanding of adoption inhibitors.
By examining both the factors that support adoption and those that hinder it, this research offers practical
insights for institutions and policymakers. These insights can help promote the integration of Al while also
addressing ethical and professional concerns in higher education.

Proposed Hypothesis

Based on the DOI and TTF frameworks, the first set of hypotheses examines the main factors that may
encourage lecturers to adopt generative Al. These factors include Compatibility, Relative Advantage, Task—
Technology Fit, and Perceived Intelligence. Each factor reflects how lecturers judge the usefulness of Al its
alignment with their tasks, and its potential to improve their teaching performance. This research defines
the adoption of Generative Al by lecturers as the decision to integrate Al into teaching based on perceived
benefits, prior experience, and alignment with academic needs (Sanson-Fisher, 2004; Teo, 2011; Venkatesh
et al., 2012). When lecturers repeatedly use Generative Al, it can become a habit, which may increase their
intention for long-term adoption (Limayem et al., 2007; Kumar Bhardwaj et al., 2021). According to DOI
theory, Compatibility also plays an important role in the adoption process. It reflects the extent to which
users see the technology as consistent with their values, experiences, and needs. (Rogers, 2003; Deng et al.,
2023). When Generative Al is viewed as highly compatible due to its versatility and flexibility in various
teaching contexts (Yu et al., 2024), it positively influences lecturers’ willingness to adopt it. This aligns with
Bhat et al. (2024), who state that when Generative Al fits seamlessly into existing workflows, accommodates
teaching preferences, and minimizes disruptions, the likelihood of adoption increases. Thus, the hypothesis:

HI. Compatibility has a positive impact on users” intention to adopt Generative Al in the teaching
process.

Relative advantage is also a key determinant of the DOI Theory, which refers to how users perceive the
superiority of innovation over existing tools in terms of effectiveness, efficiency, and benefits (Rogers, 2003;
Deng et al., 2023). In this study context, this construct explains how lecturers perceive Generative Al in
comparison to their current practices, specifically regarding its effectiveness, efficiency, and output quality.
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It focuses on the perceived benefits or advantages of Generative Al relative to their existing methods, rather
than evaluating whether specific features correspond to particular teaching tasks (Moore & Benbasat, 1991).
When lecturers recognize Al's potential to enhance the teaching process (Koutromanos et al., 2024), its
adoption is likely to increase (Kumar Bhardwaj et al., 2021). This suggests that the greater the perceived
benefits are compared to existing practices, the stronger the intention to adopt Generative Al becomes (Arts
etal., 2011). Therefore, we can formulate the following hypothesis:

H?2. Relative Advantage positively affects users’ intention to adopt Generative Al in the teaching
process.

Another crucial factor is Task-Technology Fit (T'TF) theory, which measures how well technology supports
task completion (Goodhue & Thompson, 1995). In this research, we conceptualize this factor as the extent
to which the capabilities of Generative Al align with the requirements of teaching tasks, such as preparing
materials, providing feedback, and managing assessments, as well as the specific user and context involved
(McGill & Klobas, 2009). This alignment reflects a functional match to the work, regardless of any overall
judgment of improvement. Task-Technology Fit influences user adoption, determining whether Generative
Al enhances productivity (Dahri et al., 2024). Prior Studies also show that higher task-technology alignment
improves the likelihood of adoption (Almusawi & Durugbo, 2024). This means that when Generative Al
effectively meets lecturers’ teaching needs, its adoption will increase (Su &Yang, 2023). Hence, the hypothesis:

H3. Task-Technology Fit has a positive effect on users’ intention to adopt Generative Al in the
teaching process.

Further, perceived Intelligence refers to users’ perception of Al’s cognitive ability, responsiveness, and
adaptability (Shahzad et al., 2024). This construct reflects the capability attribution (intelligence or
competence) rather than the benefits of prior practices or task—feature alignment (Moussawi et al., 2021;
Balakrishnan et al., 2022). According to Sohail et al. (2023), the ability of Generative Al to understand,
respond to, and adapt to user interactions significantly influences its adoption. This means that users’ trust in
AT’s intelligence and decision-making capacity further strengthens the intention to adopt Al (Balakrishnan
& Dwivedi, 2024). Therefore, when users perceive Generative Al as highly intelligent, their confidence in its
usefulness increases (Fui-Hoon Nah et al., 2023). Hence, the hypothesis:

H4. Perceived intelligence has a positive effect on users’ intention to adopt Generative Al in the
teaching process.

Despite these potential benefits, adoption may be hindered by lecturers’ concerns about privacy and risk.
These factors reflect users’ hesitation toward new technologies that may expose sensitive information or
introduce uncertainty about reliability. Privacy Concerns involve worries about data security, information
misuse, and unauthorized data collection (Hong & Thong, 2013). Malhotra et al. (2004) explain that
individuals with this construct often worry that their personal information may be misused by others. This
includes concerns about sharing without permission, unauthorized access, or careless handling of their data.
High Privacy Concerns, therefore, often lead to hesitation in using Al (Bajunaied et al., 2023). When data
protection risks outweigh perceived benefits, users may be reluctant to adopt certain technology (Dinev &
Hart, 2006; Baruh et al., 2017). Hence, the hypothesis:

HS5. Privacy concerns negatively affect users’ intention to adopt Generative Al in the teaching process.

Similarly, Perceived Risk is believed to influence Al adoption. This construct refers to users’ perception of
uncertainty and potential negative outcomes (Lavuri et al., 2022). It reflects the uncertainty users experience
regarding potential negative outcomes that may occur when they adopt new Technologies (Featherman
& Pavlou, 2003). When users associate Al with unpredictable risks or technological failures, they tend
to hesitate to adopt it (Al Murshid et al., 2024). Prior studies suggest that higher risk perception reduces
adoption intention (Scovell, 2022). This means that if lecturers perceive Al as unreliable or risky, they may
be less likely to integrate it (Lai et al., 2024). Hence, the hypothesis:

HG6. Perceived risk negatively affects users’ intention to adopt Generative Al in the teaching process.

Finally, considering Indonesia’s collectivist cultural orientation, social expectations, and peer influence
are likely to affect technology use. The final hypothesis considers social aspects in predicting Al adoption,
which is evident in its inclination to adopt communal beliefs, including its readiness to adopt technology
(Hofstede, 2011; Budisusila et al., 2024). In detail, subjective Norms, or social expectations, are postulated
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to shape Al adoption. Subjective norm refers to the degree to which an individual believes that people who
matter to them expect or encourage them to perform a certain behavior (Fishbein & Ajzen, 1975; Venkatesh
& Davis, 2000). In this study context, this construct represents external influences, peer opinions, and
institutional pressures to use new technology (Almogren et al., 2024). When lecturers feel encouraged by
colleagues, institutions, or professional networks, they are more likely to adopt Al (Adawiyah et al., 2024).
This indicates that social pressure and others’ expectations play a vital role in adoption (Venkatesh & Davis,
2000; Camilleri, 2024). When a supportive Al culture exists, lecturers are more inclined to integrate Al into
their teaching (Cho et al., 2023). Hence, the hypothesis:

HY7. Subjective Norms positively affect users’ intention to adopt Generative Al in the teaching
process.

Lastly, this study proposes moderating factors that will influence each direct effect of the predictors of the
intention to adopt, specifically age and gender. Two groups will be created for each moderating factor based
on the descriptive statistics of the respondents involved in this study.

RESEARCH METHODOLOGY AND DESIGN

This quantitative study analyzes the factors influencing lecturers’ adoption of Generative Al in the teaching
process. Data was collected online using a structured questionnaire distributed to lecturers across various
universities. The research instrument was developed through a comprehensive literature review and analysis
of previous studies. To ensure clarity and relevance, the instrument was validated by experts in educational
technology. This validation process involved a careful review of how the instrument was adapted from earlier
studies. The goal was to ensure that it fit the context of the current study while preserving its original
meaning. Furthermore, a language expert was involved to guarantee that the translation from English to
Bahasa accurately preserved the intended meaning. Purposive sampling selected lecturers familiar with and
experienced in Generative Al. The sample size follows Kline’s (2016) guideline, which recommends at least

200 respondents based on a 20:1 ratio for each model construct. This ensures that the sample is adequate for
Structural Equation Modeling (SEM) analysis.

To assess validity and reliability, Confirmatory Factor Analysis (CFA) was conducted, ensuring significant
factor loadings for each construct (Handarkho, 2020). Average Variance Extracted (AVE) and Composite
Reliability (CR) values were calculated following Fornell and Larcker’s (1981) criteria. Harman’s single-
factor test was applied to detect common method bias, while variance inflation factors (VIFs) were used
to identify multicollinearity. Hypothesis testing was performed using SEM in AMOS (Handarkho, 2020).
SEM was chosen for its ability to analyze causal relationships, considering direct, indirect, and moderating
effects. A moderation analysis was conducted to examine whether experience with Generative Al influenced
adoption. Model fit was optimized through exploratory analysis, ensuring an appropriate Normed chi-
square value (Kline, 2016). The SEM results provide theoretical and practical insights into the key factors
driving Generative Al adoption among lecturers in higher education.

- Perceived Privacy
Com patl b|||ty Intelllgence Concern

(H4} [H5J

Relative Intention to e
Advantage Adopt (H6)——— Perceived Risk
H3
{ ) [HTJ
Task
Technology Ft Subjective

! Norms

Figure 1. Theoretical model
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THEORETICAL MODEL AND MEASUREMENT

The details of the theoretical model are presented in Figure 1. Each proposed factor was measured using
statements adapted from prior validated instruments (Appendix A), with responses rated on a five-point
Likert scale (1 = strongly disagree, 5 = strongly agree). The original items were modified through expert
evaluation and pilot testing with several lecturers to ensure linguistic clarity, contextual relevance, and
alignment with higher education settings. Compatibility (5 items) assesses how well Generative Al aligns
with lecturers’ teaching methods, as reflected in statements such as “Using Generative Al fits well with the way
I prepare teaching materials” (Okour et al., 2021). Relative Advantage (4 items) evaluates Al’s effectiveness
compared to traditional methods, with items like “Using Generative AI makes my teaching process more
effective than searching for references manually” (Koutromanos et al., 2024). Task-Technology Fit (4 items)
examines Al’s suitability for teaching support, including “The functionalities of Generative Al fully meet
my needs in my teaching process” (Vafaei-Zadeh et al., 2024). Perceived Intelligence (3 items) measures
confidence in Al’s cognitive abilities, such as “I believe Generative Al is intelligent, just like a professor in
the classroom” (Shahzad et al., 2024). Privacy Concerns (3 items) capture data security fears, including “I
am concerned that the information I submit to Generative Al could be misused” (Dinev & Hart, 2004).
Perceived Risk (3 items) assesses potential disruptions, such as “I am concerned that using Generative Al
may negatively impact the quality of my teaching process” (Featherman & Pavlou, 2003). Subjective Norm
(3 items) gauges peer influence, including “My colleagues support me in using Generative AI” (Li, 2023).
Adoption Intention (3 items) assesses lecturers’ willingness to adopt Al, as indicated by statements such as
“I intend to use Generative Al in my teaching process” (Shahzad et al., 2024).

DATA PREPARATION AND DESCRIPTIVE ANALYSES

After verifying that all respondents met the eligibility criteria and removing 13 outliers, a total of 246 valid
responses were obtained for model validation. To assess reliability, Cronbach’s alpha was calculated using
SPSS, following the guidelines of George and Mallery (2003). Confirmatory Factor Analysis (CFA) was
then conducted in AMOS to evaluate convergent validity using the Average Variance Extracted (AVE) and
Composite Reliability (CR) indices (Fornell & Larcker, 1981). The recommended minimum thresholds for
AVE and CR were 0.50 and 0.70, respectively. As shown in Table 1, all constructs exceeded these thresholds
(AVE = 0.532-0.757; CR = 0.817-0.903), and all standardized loadings were above 0.60, indicating
satisfactory convergent validity and internal consistency.

Discriminant validity, further, was assessed by ensuring that the square root of AVE for each latent variable
was greater than its correlation with other variables. The results, presented in Table 2, confirm that all
diagonal values meet this requirement, ensuring the distinctiveness of the constructs. Further, to avoid any
overlap between the factors, we perform the HTMT (Heterotrait-Monotrait Matrix Test). This test is more
effective in identifying problematic overlaps by examining the factor loadings related to each construct
(Henseler et al., 2015). The results in Table 3 show that all HTMT values are below the 0.85 threshold,
which supports the discriminant validity of the constructs (Henseler et al., 2015).

Meanwhile, Harman’s single-factor test showed a total variance of 29.367%, confirming no common method
bias. Further, Multicollinearity analysis indicated VIF values (1.111-1.902) were below 3.3, and tolerance
values exceeded 0.1, ensuring no multicollinearity issues in this study.
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Table 1. Confirmatory factor analysis

Construct Loadings AVE CR CA Construct Loadings  AVE CR CA
Compatibility 0.730 0.588 0.877 0.876 | Privacy Concerns 0.814 0.676 0.861 0.856
0.814 0.939
0.754 0.696
0.820
0.708
Relative Advantage 0.706 0.532 0817 03814 Perceived Risk 0.725 0.622 0.831 0.827
0.860 0.834
0.746 0.803
0.578
Task-Technology Fit 0.773 0.697 0.902 0.901 Subjective Norm 0.701 0.649 0.846 0.842
0.873 0.865
0.870 0.841
0.820
Perceived 0.873 0.731 0.891 0.884 | Adoption Intention 0.828 0.757 0.903 0.902
Intelligence 0.832 0.893
0.860 0.887
Table 2. Discriminant validity analysis
Indicator C RA TTF Pl PC PR SN Al
Compeatibility 0.766
Relative Advantage 0.326** 0.729
Task-Technology Fit 0.029 0.227** 0.834
Perceived Intelligence 0.452%* 0.344**  -0.010 0.854
Privacy Concerns 0.273** 0.082 0.082 0.204**  0.822
Perceived Risk 0.369** 0.103 -0.124 0.560**  0.417**  0.788
Subjective Norm 0.400** 0.367**  -0.015 0.483**  0.304**  0.346**  0.805
Adoption Intention 0.467** 0.345%** 0.073 0.491**  0.214**  0.310** 0.564** 0.870
Table 3. HTMT Result
Al C PC PI PR RA SN TTF
Adoption Intention (Al)
Compeatibility (C) 0524
Privacy Concerns (PC) 0.243 0313
Perceived Intelligence (PI) 0554 0514 0234
Perceived Risk (PR) 0.356 0431 0.499 0.645
Relative Advantage (RA) 0.403 0.385 0.105 0.408 0.159
Subjective Norm (SN) 0.649 0.465 0.359 0.56 0414 0.444
Task-Technology Fit (TTF) 0.082 0.054* 0.101 0.047 0.145 0.265 0.046
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The respondent characteristics show that the majority were aged 30-40 years (71.1%), followed by 41-50
years (16.3%), while smaller percentages were <30 years (8.9%), 51-60 years (3.3%), and >60 years (0.4%).
The sample was slightly female dominated (51.6%), with male respondents comprising 48.4%. Regarding
academic background, 54.5% of respondents were from non-exact study programs, while 45.5% were from
exact study programs. In terms of Generative Al adoption, 72.4% used free versions, 15.9% used paid
versions, and 11.8% used both free and paid versions. Among the Al platforms, ChatGPT was the most
widely used (91.4%), followed by Gemini (23.1%), with smaller shares using Copilot (6.5%), Perplexity
(14.6%), and other tools (29.3%).

These data confirm that the respondents met the study criteria, ensuring sample validity for research analysis.
Since Structural Equation Modeling (SEM) was applied, descriptive statistical analysis verified that skewness
and kurtosis values remained within acceptable thresholds (<3 and <7) (Kline, 2016). The results confirm
that the data meet the necessary conditions for SEM analysis, supporting the validity of the research model.

MODEL ANALYSIS AND DEVELOPMENT
Direct Effects and Model Fits

The results of the SEM analysis are shown in Figure 2 below. The results show that only Subjective Norms,
Compatibility, and Perceived Intelligence have a significant impact on lecturers intention to adopt
Generative Al in their teaching activities. The model fit presented in Table 4 is satisfactory based on Kline’s
(2016) guidance. The details are as follows: (1) a Normed Chi-square (}?/df) value between 1 and 5 indicates
a reasonable fit, (2) a Root Mean Square Residual (RMR) value close to 0 demonstrates a good model fit,
(3) Goodness of Fit Index (GFI), Normed Fit Index (NFI), and Comparative Fit Index (CFI) values greater
than 0.9 signify a good model fit, and (4) a Root Mean Square Error of Approximation (RMSEA) value less
than or equal to 0.05 is also indicative of a good model fit.

- Perceived Privacy
Compatibility ‘ Intelligence Concern ‘
0.207°* (H1) 0.1717 (H4) 0.033NS (H5)
Relative . .
Advantage 0.021NS (HB Perceived Risk
0.073NS (H3) 0485+ ¢7)
Task
Technology Fit Su bjective
SR Norms
Figure 2. The result of direct effects
Table 4. Fit Statistic of the Theoretical Model
Model sample  Normed Chisquare (x2 pyin  Gr AGEI NFI IFI CFl RMSEA
Size / df)
T”,f/forgzl“” 246 1.524 0039 0877 0845 0888 0959 0958  0.046
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Moderating Effects

This study examines gender and age as moderating factors, categorizing age into <35 years (110 respondents)
and 236 years (136 respondents), while gender is divided into male (119) and female (127). Multi-group
analysis using AMOS tested the moderation effect following Kline (2016). The results indicate a significant
moderating effect of gender, specifically on the influence of Subjective Norms on Al adoption intention.
This effect is stronger among male respondents. In contrast, the moderating effect of Age was found to be
insignificant. The significant findings are presented in Table 5.

Table 5. Significant moderating effects

Moderator Unstandardized Standardized . Unstandardized Standardized . Critical
. - Magnitude . ) Magnitude
Gender estimate estimate estimate estimate ratios for
Male (119) Female (127) difference
SN > Al 0.699*** 0.605 Large 0.214** 0.248 M 3.153 **

The Development of the Theoretical Model Using Exploratory Analysis

The refinement of the theoretical model was guided by both theoretical reasoning and empirical evaluation.
Although the initial SEM results showed that some direct effects were not statistically significant, these
relationships were reviewed again. They were not removed solely because of the statistical results. To avoid
arbitrary modification, each potential change was grounded in established theoretical logic. Innovation
diffusion theory posits that perceptions of advantage can influence both individual beliefs and collective
norms surrounding adoption (Rogers, 2003; Almogren et al., 2024). Social influence theory also explains
that perceptions of risk and privacy concerns can spread within professional communities, influencing shared
attitudes (Nguyen et al., 2022; Yang et al., 2024). Based on these conceptual links, four new indirect paths
were proposed: from Relative Advantage to Perceived Intelligence and Subjective Norms, and from Privacy
Concerns and Perceived Risk to Subjective Norms. These additions were tested using AMOS’s specification
search, which systematically compared theoretically justified models to identify the most parsimonious
structure. Thus, the exploratory analysis served as a confirmatory evaluation of theoretically plausible
relationships rather than a purely data-driven modification process.

Relative Advantage refers to the perceived benefits of Generative Al over traditional methods, such as faster
response times, greater accessibility, and personalized learning (Ayanwale & Molefi, 2024). These advantages
can enhance Perceived Intelligence, leading lecturers to see Al as an effective and smart tool (Koutromanos
et al., 2024; Kumar Bhardwaj et al., 2021). Additionally, individuals are often influenced by their peers and
professional circles (Zarate, 2023; Wenger, 1999). If lecturers perceive Generative Al as beneficial, it can
establish social norms in which colleagues encourage its adoption (Almogren et al., 2024). This leads to the
following proposed hypotheses:

HS8. Relative Advantage has a positive indirect effect on the intention to adopt Al through Perceived
Intelligence as a mediator.

H9. Relative Advantage has a positive indirect effect on the intention to adopt Al through Subjective
Norms as a mediator.

In a similar vein, Privacy Concerns increase awareness of data security risks, affecting both individual and
collective perceptions of online safety (Dinev & Hart, 2004). Perceived Risk refers to users’ uncertainty
about potential negative consequences, which can shape their attitudes toward adopting Generative Al
(Pan et al., 2024). Within a shared professional environment, individuals often express similar concerns,
reinforcing social norms that may discourage the adoption of Al (Nguyen, Nguyen, & Le, 2022; Yang et al.,
2024). Thus, the following hypotheses are proposed:

H10. Privacy Concerns have a negative indirect effect on the intention to adopt Al through Subjective
Norms as a mediator.

H11. Perceived Risk has a negative indirect effect on the intention to adopt Al through Subjective
Norms as a mediator.
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In total, eight modifications were introduced: four insignificant direct effects (H2, H3, H5, H6) were
identified for removal, while four new indirect effects (H8, H9, H10, H11) were proposed. The refined
hypotheses were tested using AMOS, optimizing for the lowest chi-square value (Kline, 2016). These
modifications were added as optional adjustments in the revised version of Figure 2. A hierarchical analysis
of 256 possible models (28) was then conducted using the specification search feature in AMOS. This
exploratory approach, successfully applied in prior studies, was instrumental in refining and developing the
final theoretical model.

The final analysis confirmed that all four proposed indirect effects (H8, H9, H10, H11) were accepted, while
one insignificant direct effect (H3) remained in the model. The three other insignificant direct effects (H2,
H5, H6) were excluded. The final SEM analysis confirmed that all direct and indirect effects were statistically
significant. Moreover, compared to the initial research model, the final model demonstrated strong fit values
(Kline, 2016), presenting a simpler and more precise structure with a total of eight significant effects: four
direct and four indirect.

However, to ensure that the development model is not overfitting, we utilized a combination of global
fit analysis, parsimony-adjusted indices, information criteria, and bootstrap mediation tests. The global fit
results were acceptable, with the following statistics: CMIN/DF = 1.854, CFI = .930, and TLI = .920.
Generally, values around .90 are considered adequate, with .95 preferred; the RMSEA was .059, which
aligns with the ‘close fit’ criteria recommended by Hu and Bentler (1999) and MacCallum et al. (1996). The
parsimony-adjusted measures showed strong results, with PRATIO = 0.87, PNFI = 0.75, and PCFI = 0.81.
These measures penalize unnecessary complexity and are designed for comparison across different models,
rather than being evaluated against fixed benchmarks. Therefore, we interpret them in conjunction with the
overall fit and AIC/BIC values (Mulaik et al., 1989). The stability of these measures, when compared with
the original model, shows that the revised model performs better. It also produces improved global fit values
and lower AIC and BIC values. Together, these results suggest that the revised model provides a better fit to
the data without introducing unnecessary complexity. This reduces concerns about overfitting. Information
criteria favored the new model, showing AIC = 764.053 and BIC = 1033.963, compared to a saturated
alternative model (AIC = 812.000; BIC = 2235.165). Lower AIC and BIC values indicate a better and more
parsimonious fit (Akaike, 1974; Burnham & Anderson, 2004; Schwarz, 1978).

Lastly, the bias-corrected bootstrap confidence intervals, derived from 5,000 resamples at a 95% confidence
level, supported each of the specified indirect paths (H8, H9, H10, H11). These findings align with best-
practice recommendations for assessing indirect effects through resampling (Cheung & Lau, 2008; Preacher
& Hayes, 2008; Shrout & Bolger, 2002). Overall, these results suggest that the final model is not overfitting
and that the four indirect effects are stable rather than specific to the sample.

The SEM analysis results include both direct and indirect effects in the final hypothesis model, detailed in
Table 6.

Table 6. The final results of the direct and indirect effects

Direct effect Total effect Status
Compatibility = Adoption Intention 0.207*** Accepted
Task-Technology Fit > Adoption Intention 0.060NS Rejected
Perceived Intelligence = Adoption Intention 0.180%*** Accepted
Subjective Norm = Adoption Intention 0.438%*** Accepted
Indirect effect Total effect Status
Relative Advantage - Perceived Intelligence = Adoption Intention 0.714%** Accepted
Relative Advantage = Subjective Norm = Adoption Intention 0.274*** Accepted
Privacy Concerns - Subjective Norm > Adoption Intention -0.053* Accepted
Perceived Risk = Subjective Norm = Adoption Intentio> -0.093*** Accepted
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Figure 3. The final theoretical model

DISCUSSION OF THE FINDINGS

The results of the Structural Equation Modeling (SEM) analysis provide valuable insight into the complex
relationships among various factors influencing lecturers’ adoption of Generative Al. The findings indicate
that Relative Advantage exerts the most substantial positive influence on Adoption Intention, highlighting
the critical importance of perceived usefulness in decision-making regarding new technologies. This finding
supports established theories of innovation adoption, such as the Technology Acceptance Model (TAM) and
the Diffusion of Innovations (DOI). These theories consistently show that perceived benefits are a key predictor
of the intention to adopt a new system. This result aligns with the DOI theory, where Relative Advantage
represents users evaluation of how an innovation improves performance and efficiency (Deng et al., 2023;
Arts et al.,, 2011). In higher education, lecturers are more likely to adopt generative Al when they believe
it improves the effectiveness and efficiency of their teaching. The perceived advantages may include saving
time on grading and content creation, increasing student engagement through personalized feedback, and
simplifying administrative tasks. Consistent with Koutromanos et al. (2024) and Kumar Bhardwaj etal. (2021),
this study confirms that recognizing Al’s superiority over traditional tools strengthens adoption intention. yond
confirming earlier findings, this study adds to existing models by showing that perceived benefits support social
validation. This validation encourages peer support and collective adoption among lecturers.

The next most influential factor, Subjective Norm, underscores the role of social influence in shaping
behavioral intentions. This means that when lecturers observe their colleagues successfully using Al tools,
they are more likely to feel encouraged or pressured to adopt similar practices. These social influences may
stem from peer recommendations, departmental expectations, or broader academic trends. Such findings are
consistent with Camilleri (2024), who emphasized the importance of peer visibility and communal support
in the diffusion of educational innovations. This finding supports prior evidence that collectivist cultures,
such as those in Indonesia, are particularly influenced by communal norms and peer approval in technology
use (Budisusila et al., 2024; Adawiyah et al., 2024). This finding adds to the literature by highlighting that
social norms do not only reflect external pressure but also serve as a mechanism that connects innovation
perception and task alignment. Hence, like Almogren et al. (2024), collective endorsement acts as a bridge
that transforms perceived usefulness into behavioral adoption. In other words, collective approval from peers
can transform perceived technological advantages into accepted professional practices within institutions.

In contrast, Perceived Risk emerges as a notable barrier to adoption, acting as a strong negative predictor.
Lecturers’ concerns about the reliability, ethical implications, and potential misuse of Al-generated content
reflect broader uncertainties surrounding Al’s role in education. These concerns include doubts about the
accuracy of Al-generated responses, the possibility of biased or inappropriate content, and fears that students’
academic integrity may decline. As noted by Lavuri et al. (2022), high perceived risks can discourage users
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from adopting a technology even when they recognize its potential benefits. This finding is consistent with
prior research showing that perceived risk and uncertainty often reduce technology acceptance (Al Murshid
et al., 2024; Scovell, 2022). The present study refines this understanding by showing that perceived risks
influence collective behavior through social communication. When lecturers discuss these concerns with
colleagues, shared apprehensions may develop, reinforcing a culture of caution. For effective adoption,
universities must implement strategies to mitigate these concerns by offering clear guidance, transparency in
Al capabilities, and frameworks for responsible use.

Compatibility also plays a meaningful role in adoption, though its influence is less than that of Relative
Advantage or Subjective Norms. This suggests that lecturers are more inclined to adopt Generative Al when
the technology fits well with their current teaching methods and does not require significant changes to
their pedagogical approach. Bhattacherjee (2001) supports this notion, arguing that alignment between
technology and user practices is essential for seamless integration and continued use. This result supports the
DOI theory, where compatibility reflects the degree to which innovation aligns with user needs and existing
workflows (Deng et al., 2023; Yu et al., 2024). It also echoes findings by Bhat et al. (2024), showing that
adoption increases when technology seamlessly fits current teaching habits. This study extends this view
by showing that compatibility works together with perceptions of Al intelligence. Lecturers who see Al as
adaptive and reliable are more likely to view it as compatible with their teaching practices. Similarly, Perceived
Intelligence contributes positively to adoption by building trust in the Al system’s ability to deliver relevant,
context-aware, and accurate information. When lecturers view Generative Al as innovative and responsive to
their needs, they are more willing to rely on it for academic tasks. This finding reinforces previous arguments
that perceived intelligence enhances trust and adoption (Sohail et al., 2023; Balakrishnan & Dwivedi, 2024).
This trust enhances the perceived value of the tool, reinforcing the effect of Relative Advantage. According
to Shahzad et al. (2024), Al systems that demonstrate adaptive intelligence are more likely to be accepted by
professionals who depend on accuracy and precision in their work.

Although Privacy Concerns have the least statistical impact on adoption intention, they remain a non-
negligible factor. In academic environments where data protection and ethical standards are highly valued,
even minor concerns about data misuse or breaches can hinder adoption. Lecturers may hesitate to use Al
tools that process sensitive information, such as student performance data or unpublished research materials.
As Proferes (2022) suggests, even minor privacy concerns can influence peer attitudes, reinforcing a culture
of caution around new technologies. This finding supports prior research that identifies privacy concerns as
significant inhibitors to technology use (Dinev & Hart, 2006; Bajunaied et al., 2023). Beyond the direct
effects, the study also identifies important indirect relationships among the variables. For example, Relative
Advantage affects Adoption Intention both directly and through Perceived Intelligence. This suggests that
lecturers who see clear benefits in generative Al are also more likely to believe that the technology has strong
intelligent capabilities. Furthermore, Relative Advantage has a positive effect on Subjective Norms. This
means that when lecturers perceive strong benefits, they are more likely to discuss the technology and support
it within their academic communities. This peer endorsement can further encourage adoption (Almogren
et al., 2024). On the other hand, Perceived Risk and privacy concerns indirectly affect subjective norms.
When lecturers worry about Al reliability and data security, their colleagues may share these concerns. This
can create a common sense of skepticism that slows collective adoption. This pattern aligns with DOI’s
premise that communication among peers accelerates or delays diffusion depending on the perceived balance
between benefit and risk (Rogers, 2003). These dynamic underscores the need to consider institutional
culture and peer communication when designing effective Al integration strategies. Finally, the moderating
effect of gender reveals an important dimension of adoption behavior. The study finds that male lecturers
are more influenced by Subjective Norms than their female counterparts. This may be due to differences in
how men and women respond to professional peer pressure or participate in academic networks. For male
lecturers, observing others adopt and benefit from Generative Al may have a stronger motivational effect.
This may relate to competitive or collaborative dynamics within academic departments. This finding adds
to the diffusion perspective by showing that social influence may work differently across gender groups.
These differences may reflect variations in communication patterns and in how legitimacy is perceived
within professional settings. Overall, the analysis shows that Relative Advantage and Subjective Norms are
the strongest drivers of generative Al adoption among lecturers, while Perceived Risk is the main barrier.
Compatibility and Perceived Intelligence also support adoption. Privacy Concerns have a smaller effect, but
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they still require attention. Together, these results strengthen and extend the DOI and TTF frameworks.
They show that the adoption of generative Al is shaped not only by functional fit and perceived benefits but
also by cognitive trust, ethical awareness, and social norms. Understanding these relationships, including
indirect effects and demographic differences, can help universities create more targeted strategies to promote
the responsible and effective use of Al in education.

The study used purposive sampling and included only lecturers who already had basic knowledge of generative
AL This helped ensure that all respondents could give meaningful answers. However, this sampling method
may also create bias. The sample did not include skeptics or non-users. Therefore, it represents early adopters
who are generally more open to new technology. Because of this, the positive relationships in the model, such
as Relative Advantage and Subjective Norm, may appear stronger than they would in a more diverse group.
This limitation affects the generalizability of the results, suggesting that the conclusions should be interpreted
as indicative of adoption patterns among Al-aware lecturers rather than the entire lecturer community.

IMPLICATION
Theoretical Implications

This research makes a significant theoretical contribution by exploring the key factors that influence the
adoption of Generative Al among lecturers in higher education. By integrating the Diffusion of Innovation
(DOI) and Task-Technology Fit (TTF) theories, the study enhances our understanding of technology
adoption. It identifies both the enablers and barriers to using this technology in teaching. Unlike previous
studies, this research not only analyzes direct effects, such as Relative Advantage, Subjective Norm, Perceived
Risk, Compatibility, Perceived Intelligence, and Privacy Concerns, but also investigates indirect effects and
moderation influences. By doing so, the study goes beyond merely confirming prior integrations of DOI
and TTE It demonstrates how technological perceptions interact with social and cognitive assessments to
shape adoption decisions, a factor that has been largely overlooked in earlier models. The findings reveal
that Relative Advantage indirectly impacts Adoption Intention through Subjective Norms, with Privacy
Concerns and Perceived Risk also exerting indirect influences on Adoption Intention via Subjective
Norms. These indirect pathways refine and expand eatlier applications of DOI and TTF by showing that
technological attributes affect adoption not only individually but also through the collective expectations of
the academic community. This suggests that lecturers use a more complex decision process than previously
understood. The study reveals that the perceived benefits of generative Al and the influence of colleagues
play a significant role in the adoption of this technology. These factors remain important even when lecturers
have concerns about privacy and risk. The study also examines the moderating role of gender. The results
show that male lecturers are more influenced by Subjective Norms than female lecturers when deciding to
adopt generative Al This suggests that social pressure affects some groups more than others. It also highlights
the importance of considering individual differences when developing technology adoption strategies. By
demonstrating demographic variability in how social influence operates, the study further extends the
prior theoretical scope. It highlights that adoption pathways are not uniform but depend on individual
characteristics, pointing to the need for more differentiated models in future research. Overall, this study
advances theoretical discussions on technology adoption in higher education, particularly in developing
countries. It provides valuable insights into how technological, social, and individual factors influence
lecturers’ decisions to integrate Generative Al into their teaching practices. Collectively, these contributions
illustrate how the proposed model refines and deepens existing DOI and TTF integrations by uncovering
previously unexamined relational mechanisms among key constructs.

Practical Implications

Practically, the findings suggest that universities can support lecturers’ adoption of Generative Al through a
structured four-stage strategy. This framework directly addresses the key drivers and barriers identified in the
study: Relative Advantage, Subjective Norm, Perceived Risk, Compatibility, Perceived Intelligence, and Privacy
Concerns. Aligning institutional initiatives with these factors can enhance the effectiveness, sustainability,
and ethical integration of Al technologies within higher education.
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The first stage, Pilot Project Implementation, is primarily influenced by perceptions of Relative Advantage
and Perceived Intelligence. To begin, universities should identify early adopters from various faculties or
departments who are open to experimenting with Generative Al in their teaching practices. These lecturers
can use Al tools to create course materials, grade assignments, and enhance virtual classroom interactions.
Pilot projects should be monitored through regular evaluations and feedback mechanisms to understand the
effectiveness and limitations of Al Technical support and troubleshooting services should also be readily
available. Demonstrating how Al improves efficiency, productivity, and engagement during this stage is
crucial, especially since Perceived Intelligence significantly shapes initial attitudes toward adoption. By
demonstrating real-world improvements in teaching outcomes, universities can establish a strong foundation
for broader implementation.

The second stage, Guidelines and Regulations Development, focuses on managing Privacy Concerns and
Perceived Risk, two key barriers to adoption. Many lecturers may hesitate to use Al tools due to uncertainty
about data handling, ethical concerns, and the potential for inaccuracies or academic misconduct. Therefore,
institutions need to establish and communicate clear policies regarding the use of Al in education. These
policies should address data privacy, intellectual property rights, academic honesty, and the limitations of
Al-generated content. Clear protocols on how to ethically and securely use Al can reduce perceived risks
and foster trust in technology. When lecturers feel confident that their actions comply with institutional
standards, they are more likely to adopt and consistently use Al tools.

The third stage, Socialization and Training, is closely linked to Compatibility and Relative Advantage. A key
barrier to adoption is the lack of understanding of how Al can fit into existing teaching practices. To address
this, universities should organize workshops, webinars, and hands-on training sessions demonstrating
practical Al applications aligned with current pedagogical methods. Training programs should meet the
needs of lecturers with different levels of technical skill. They should provide materials for beginners and for
advanced users. Self-paced resources, such as online modules and instructional videos, can also help. These
resources support lecturers with different learning preferences and schedules. Showing lecturers how Al can
complement their teaching, rather than disrupt it, will make adoption more attractive.

The final stage, Sharing Sessions and Strengthening the Academic Community, addresses the influence
of Subjective Norms. Social pressure and peer influence have been found to affect adoption decisions
significantly. Universities can leverage this by establishing a supportive academic community that fosters
the responsible use of Al. Creating platforms for sharing best practices, success stories, and challenges allows
lecturers to learn from one another. Peer mentoring programs and cross-departmental collaboration can
further enhance knowledge exchange and sharing. Institutions should also document and circulate case
studies showcasing successful Al integration. By making Al use visible and socially endorsed, these initiatives
can help establish it as a normative, valued part of academic life.

In conclusion, universities can support the adoption of generative Al by aligning their efforts with the factors
that shape lecturers” decisions. This can create an environment that encourages responsible, confident, and
widespread use of Al The four-stage approach increases the chances of successful integration. It also improves
the overall quality of teaching and learning. With this approach, institutions can strengthen their position
as leaders in innovative education.

CONCLUSION

This study identifies the key factors influencing lecturers’” adoption of Generative Al, highlighting the
drivers and barriers to this adoption. The primary enablers are Relative Advantage and Subjective Norm,
while Perceived Risk acts as a significant barrier. Other influencing factors include Compatibility, Perceived
Intelligence, and Privacy Concerns, though these have a lesser impact. Additionally, the study reveals
indirect effects, where Relative Advantage affects Adoption Intention through both Perceived Intelligence
and Subjective Norms. Meanwhile, Perceived Risk and Privacy Concerns influence Adoption Intention
via Subjective Norms. Gender plays a moderating role in this relationship, with male lecturers being more
affected by social norms when adopting Al than female lecturers.

The findings suggest that increasing Al adoption requires a focus on its benefits, strong academic support
networks, and clear policies that address risk and privacy concerns. Al adoption does not depend only on
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technological readiness. It also depends on user perceptions, social influence, and institutional support. This
study has some limitations. It focuses solely on lecturers in Indonesia who have at least a basic understanding
of generative Al This selection was made to ensure that the participants could make informed judgments
about the technology’s current and potential uses. Consequently, the findings may not be applicable
to lecturers with limited or no exposure to Al. This selection bias may lead to overestimating adoption
intentions and underestimating perceived barriers compared to samples that include skeptics and non-users.
Future research should include a wider sample that represents different levels of Al familiarity. This would
provide a more balanced and complete view of adoption behavior. The analysis also did not include other
important factors, such as trust in technology, user confidence, and regulatory issues. Including these factors
could help build a more comprehensive adoption model.
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APPENDIX A

Indicators and Measuring Instruments

Compeatibility

Relative Advantage

Task-Technology Fit

Perceived Intelligence

Privacy Concerns

Perceived Risk

| think that using Generative Al fits well with the way | prefer to prepare
teaching materials

I think that using Generative Al aligns with my style of creating teaching
resources

| think that using Generative Al is compatible with all aspects of my
teaching process (lesson planning, lesson implementation, and lesson
evaluation)

| think that using Generative Al is consistent with how | believe teaching
materials should be developed

I think that using Generative Al does not require significant changes to my
current approach to preparing teaching materials

Using Generative Al would be more advantageous in my teaching process
than the manual method (looking for references through google, reading
books, or compiling materials independently)

Using Generative Al would make my teaching process more effective than
the manual method (looking for references through google, reading books,
or compiling materials independently)

Using Generative Al are relatively efficient in my teaching process
compared than the manual method (looking for references through
google, reading books, or compiling materials independently)

The use of Generative Al offers new learning opportunities compared than
the manual method (looking for references through google, reading books,
or compiling materials independently)

The functionalities of Generative Al are very adequate for supporting my
teaching process

The functionalities of Generative Al are very appropriate for helping me
with all aspects of my teaching process

The functionalities of Generative Al are very sufficient for assisting me in
my teaching process

The functionalities of Generative Al fully meet my needs in my teaching
process

Generative Al can teach and give sensible answers to my teaching process
| believe Generative Al is intelligent, just like a professor in the classroom

Generative Al is knowledgeable enough to answer my questions in the
teaching process

| am concerned that the information | submit to Generative Al could be
misused

I am concerned that a person can find private information | submit to
Generative Al

I am concerned about providing personal information to Generative Al
because it could be used in a way | did not foresee

| believe that adopting new technology, such as Generative Al, will require
significant changes to my current teaching process

| am concerned that the use of Generative Al may negatively impact the
quality of my teaching process

| am concerned that the use of Generative Al may disrupt the smooth
running of my current teaching process

Okour et al,,
2021

(Koutromanos et
al,, 2024)

(Vafaei-Zadeh et
al,, 2024)

Shahzad et al.,
2024

Dinev & Hart,
2004

Featherman &
Pavlou, 2003
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Subjective Norm My friends and coworkers support me to use Generative Al in my teaching
process

My friends and coworkers feel that using Generative Al in my teaching
process will be beneficial to me

My friends and coworkers advise me to use Generative Al in my teaching
process

Adoption Intention | intend to use Generative Al in my teaching process
| feel that | will use Generative Al for my teaching process

I am willing to use Generative Al in my teaching process because of its
considerable potential benefits

Li, 2023

Shahzad et al.,
2024
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