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 The rapid advancement of artificial intelligence (AI) presents both 

significant opportunities and challenges for academic writing. This study 

investigates the factors influencing the adoption of AI writing tools among 

lecturers in Vietnam by proposing an integrated theoretical framework that 

combines the unified theory of acceptance and use of technology (UTAUT) 

with perceived risk theory (PRT). The model incorporates performance risk 

(PR) and ethical risk (ER) as key inhibitors alongside the core UTAUT 

constructs. Data were collected through a cross-sectional survey of 404 

lecturers from public universities across North, Central, and South Vietnam, 

including both public and private educational institutions, and analyzed 

using structural equation modeling (SEM). The results show that the 

proposed model has strong explanatory power, accounting for 77.9% of the 

variance in behavioral intention (BI) and 75.3% in use behavior (UB). All 

seven hypotheses were supported. Performance expectancy (PE) was the 

most potent predictor of intention, while PR was the strongest deterrent. 

Facilitating conditions (FC) and BI were found to be critical antecedents of 

actual use. The study contributes by empirically validating an integrated 

UTAUT–PRT framework in the context of AI writing tool adoption. The 

findings suggest that universities should prioritize performance-enhancing 

support mechanisms and risk-mitigation policies to promote responsible AI 

adoption. 
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1. INTRODUCTION 

Artificial intelligence (AI) is increasingly integrated into the academic ecosystem, offering tools to 

monitor educational processes, conduct sophisticated analyses, and diagnose academic performance [1]. 

Technologies such as predictive modeling, intelligent analytics, and automated content analysis are being 

applied to solve critical educational challenges and enhance quality [2]. Specifically, in the domain of 

scholarly writing, generative AI tools like ChatGPT have emerged as powerful assets for tasks such as 

automated draft generation, article summarization, and language translation, promising to make the writing 

process faster and more efficient [3]. 

The utility of AI spans the entire research lifecycle. During the literature search phase, AI can assist 

researchers by identifying relevant papers, summarizing key findings, and highlighting areas of uncertainty, 

thereby accelerating the comprehension of the current state of knowledge [4]. AI capacity to process vast 

amounts of information and identify connections between disparate sources surpasses human limitations, 

enabling researchers to uncover novel insights and pinpoint critical knowledge gaps more effectively [3], [5]. 

https://creativecommons.org/licenses/by-sa/4.0/
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In the manuscript writing process, AI can generate initial drafts, suggest titles, and compose 

methodology sections based on provided data. Furthermore, it proves exceptionally effective for editing, 

formatting, clarifying complex sentences, and drafting abstracts. While the output may require human 

oversight, the time-saving benefits are undeniable [3]. Future applications may even include the automated 

generation of figures and tables to visualize data. 

However, alongside these benefits, the use of AI in academic writing presents significant challenges 

and ethical concerns. Key issues include the potential for generating inaccurate or biased information,  

the heightened risk of plagiarism, threats to academic integrity, and data privacy violations [6]. AI-generated 

text may lack the nuance, style, and originality of human writing, making it detectable by sophisticated 

software and skeptical reviewers [7]. The ethical dilemma of authorship is particularly acute when AI plays  

a substantial role in content creation. The practice of using AI to rephrase text to avoid plagiarism detection, 

while technically possible, raises profound questions about scholarly ethics and is largely considered 

unacceptable [8]. These multifaceted risks necessitate a regulatory framework to govern the responsible use 

of AI in scientific writing [3]. 

Understanding the factors that shape lecturers’ adoption of AI writing tools is crucial because these 

tools influence not only individual productivity but also the ethics and quality of scholarly communication.  

In particular, educators face dilemmas regarding authorship, originality, and academic integrity when using 

AI-generated content [9]. Therefore, beyond perceived usefulness and ease of use, perceived risks-such as 

ethical concerns and the potential for performance inaccuracies-must also be considered when examining 

adoption behavior. 

While the discourse on AI in academia is growing, a significant research gap exists regarding the 

determinants of its adoption by faculty in developing countries. Most studies are situated in Western contexts 

[10]−[12], leaving the unique socio-economic, cultural, and institutional dynamics of nations like Vietnam 

underexplored. To address this lacuna, this study aims to develop and empirically validate a comprehensive 

model that explains the factors influencing the adoption of AI tools for academic writing among Vietnamese 

lecturers. The research is guided by an integrated framework combining the unified theory of acceptance and 

use of technology (UTAUT) with perceived risk theory (PRT) to capture both the drivers and deterrents of 

this behavior. 

Accordingly, the study pursues three main objectives: i) to examine how UTAUT constructs 

(performance expectancy (PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC)) 

influence lecturers’ behavioral intention (BI) to use AI tools for academic writing; ii) to investigate the role 

of perceived risks (performance risk (PR) and ethical risk (ER)) in moderating or directly affecting adoption 

decisions; and iii) to evaluate the overall explanatory power of the extended UTAUT model in predicting BI 

and actual usage behavior among Vietnamese lecturers. 

This research offers significant theoretical and practical contributions. Theoretically, it extends 

technology acceptance literature by integrating the utilitarian focus of UTAUT with the crucial barrier-

centric perspective of PRT, providing a more balanced model for understanding the adoption of disruptive 

technologies. Furthermore, it validates this integrated framework within the under-researched context of 

Vietnamese higher education. Practically, the findings will provide actionable insights for university 

administrators in designing targeted training and support policies, for policymakers in formulating national 

strategies for digital literacy, and for AI developers in creating tools that better address the specific needs and 

concerns of the academic community. 

 

 

2. LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT 

2.1.  The unified theory of acceptance and use of technology 

When new technologies emerge, user acceptance is a critical prerequisite for successful 

implementation. The UTAUT model, developed by Venkatesh et al. [13] by synthesizing eight prominent 

technology acceptance theories, has proven highly effective in explaining users’ BI and actual usage  

[14], [15]. The model identifies four core constructs as direct determinants of user behavior. 

PE, the degree to which an individual believes that using a technology will enhance their job 

performance. PE is a crucial determinant of technology adoption [16]. In the academic writing context, 

lecturers are likely to perceive AI tools as improving writing quality, reducing grammatical errors, and 

enhancing productivity [17], [18]. When users recognize that AI writing tools help them achieve academic 

objectives more effectively, they are more inclined to adopt them [19], [20]. Previous studies have 

consistently found PE to be one of the strongest predictors of BI in technology adoption [11], [21]. In this 

research, PE refers to the belief among lecturers that AI tools will enhance their academic writing quality and 

productivity. Therefore, the author hypothesizes: PE positively influences lecturers’ BI to use AI tools for 

academic writing (H1). 
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EE, the degree of ease associated with the use of a system. EE, or perceived ease of use, is another 

vital factor [13]. AI-based writing tools that are intuitive, user-friendly, and require minimal technical 

knowledge tend to foster higher adoption rates [16], [22]. In higher education, lecturers often face time 

constraints; thus, a system that simplifies the writing process is more likely to be embraced. Prior research 

has shown that ease of use significantly affects educators’ attitudes and intentions toward adopting 

educational technologies [23], [24]. In this study, EE represents the belief that AI tools are straightforward 

and require minimal effort to operate. Thus, this research proposes: EE positively influences lecturers’ BI to 

use AI tools for academic writing (H2). 

SI, the extent to which an individual perceives that important others believe they should use the new 

system. SI refers to the extent to which individuals perceive that important others (e.g., colleagues, peers, or 

administrators) believe they should use a particular technology [13]. In academic environments, lecturers’ 

adoption behaviors are often shaped by institutional culture and peer norms. The opinions and behaviors of 

colleagues, supervisors, and peers can create a normative pressure that encourages or discourages technology 

adoption [22]. When senior faculty or administrators endorse AI writing tools as legitimate aids, others are 

more likely to follow suit. Studies on educational technology adoption have consistently shown that SI 

significantly predicts BI [20], [25]. This study conceptualizes SI as the extent to which lecturers feel that 

influential figures in their network endorse the use of AI for research. Accordingly, the author hypothesizes: 

SI positively influences lecturers’ BI to use AI tools for academic writing (H3). 

FC, the degree to which an individual believes an organizational and technical infrastructure exists 

to support the use of the system. FC refer to the availability of necessary resources and support. In the case of 

AI writing tools, FC may include access to stable internet, institutional guidelines, and availability of 

training. When universities provide supportive environments and resources for AI tool use, lecturers are more 

likely to engage with such technologies [24]. Adequate access to technology, institutional subscriptions, 

training, and technical assistance are critical for successful implementation [26], [27]. Without such support, 

even the most promising technology may fail to be adopted [28]. This research defines FC as lecturers’ 

perception of having sufficient resources and knowledge to effectively use AI tools. The author hypothesizes: 

FC positively influence lecturers’ actual use of AI tools for academic writing (H4). 

 

2.2.  Perceived risk theory 

In the context of AI-based writing tools, UTAUT provides a robust lens for understanding why and 

how educators adopt such tools. However, while UTAUT emphasizes positive motivational factors, it does 

not explicitly consider potential deterrents such as risk perceptions. This omission is particularly relevant to 

AI adoption, where ethical and performance concerns are salient. Thus, integrating the PRT [29] enhances 

explanatory depth by capturing the potential downsides associated with AI tool usage. In the case of AI tools, 

lecturers may perceive risks related to data accuracy, ethical misconduct, or reputation damage. Incorporating 

perceived risk into the UTAUT model helps to address the multidimensional nature of decision-making 

regarding emerging technologies [30]. Two major types of risks are particularly relevant to AI adoption in 

academia: PR and ER. 

PR refers to the possibility that a technology may fail to deliver expected results [30]. PR is 

heightened by perceptions of algorithmic bias and misinformation. For AI writing tools, lecturers may worry 

about inaccurate paraphrasing, factual errors, or loss of originality in their academic manuscripts. When users 

believe a system’s output may be discriminatory, unreliable, or untrustworthy, their risk perception increases, 

leading to resistance [31], [32]. If users believe that AI tools could compromise content quality, they might 

be hesitant to rely on them. However, when the perceived PR is manageable or outweighed by benefits, 

users’ adoption intentions increase. Prior studies have shown that lower PR enhances technology acceptance 

[33]. The authenticity of AI-generated content is fundamental to user trust; frequent exposure to flawed 

outputs erodes this foundation. This research therefore hypothesizes: PR negatively influences lecturers’ BI 

to use AI tools (H5). 

ER relates to concerns over moral or ethical issues that may arise from technology use, such as 

plagiarism, authorship misrepresentation, and violation of academic integrity [9]. When users suspect that AI 

tools “plagiarize” human creativity or blur creative boundaries, their ethical trust in the system declines [34]. 

Lecturers may worry that using AI-generated text challenges the originality of their scholarly work or leads 

to ethical breaches. Trust in AI encompasses not only technical reliability but also ethical reliability-respect 

for intellectual property, data protection, and clear usage boundaries [35]. An absence of ethical trust can lead 

users to disengage, even if the tool is functionally effective. Conversely, if users perceive that AI tools can be 

used responsibly, they are more likely to accept them as legitimate aids. Prior literature highlights ethical 

concerns as a key determinant of AI acceptance in educational contexts [32]. Consequently, the research 

hypothesizes: ER negatively influences lecturers’ BI to use AI tools (H6). 
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2.3.  Behavioral intention and usage behavior 

BI reflects the motivational readiness to use a technology, while UB denotes actual use [13].  

The UTAUT model posits that BI directly predicts UB, which has been supported across diverse technologies 

[11]. Numerous studies have confirmed this relationship, indicating that a strong intention to use  

a technology is a significant predictor of its eventual usage [16], [36]. In the context of AI writing tools, 

lecturers’ intention to use these systems is expected to lead to actual adoption in teaching, research, and 

publication activities. Therefore, this research proposes the following hypothesis: BI positively influences 

lecturers’ actual use of AI tools for academic writing (H7). 

 

 

3. METHOD 

3.1.  Research design 

Based on the UTAUT and PRT, this study proposes a comprehensive model to explain lecturers’ 

adoption of AI tools for academic writing. The model integrates six exogenous constructs: PE, EE, SI, FC, 

PR, and ER to predict BI and UB. In this model: PE, EE, SI, PR, and ER directly influence BI; FC and BI 

directly influence UB. All constructs are conceptualized as latent variables measured through multiple 

observed indicators. This integrated framework enables a simultaneous examination of both positive 

motivational and negative risk factors, providing a balanced understanding of AI adoption among lecturers. 

The target population for this research comprised full-time lecturers currently employed at 27 public 

universities across Vietnam. As a definitive sampling frame was inaccessible, a non-probability sampling 

method was utilized, combining convenience and snowballing techniques. Initial survey invitations were 

distributed to personal and institutional contacts at major universities in key academic hubs, including Hanoi, 

Ho Chi Minh City, and Da Nang. Participants were then encouraged to forward the survey to their colleagues 

to broaden the sample’s reach. The study successfully achieved a final sample of 404 respondents. 

 

3.2.  Data collection and instrument 

Data collection was administered using an online survey hosted on Google Forms. To guarantee 

linguistic and conceptual equivalence, a rigorous forward-backward translation protocol was employed.  

The instrument was first translated from English to Vietnamese by a bilingual academic and then back-

translated by an independent expert. The final instrument comprised two distinct parts. Section 1 gathered 

demographic profiles, including gender, age, academic discipline, and research experience. Section 2 

assessed the eight latent constructs of the research model. 

To ensure content validity, measurement items were adapted from established literature, as detailed 

in Table 1 (covering PE, EE, SI, FC, PR, ER, BI, and UB). All items were contextualized to reflect the usage 

of AI tools in academic writing and were evaluated using a 5-point Likert scale ranging from 1 to 5 

(1=strongly disagree; 2=disagree; 3=neutral; 4=agree; 5=strongly agree). Before the main survey, a pilot 

study was conducted with 30 lecturers. Feedback from this pilot phase led to minor refinements in wording to 

improve clarity and relevance, ensuring the instrument’s final validity. 

 

3.3.  Data analysis 

The collected data were analyzed using a two-stage process employing IBM SPSS Statistics 26 and 

AMOS 24. Preliminary analysis: the dataset was initially screened for missing values, outliers, and normality. 

Descriptive statistics were generated in SPSS to summarize the demographic profile of the sample.  

The internal consistency and reliability of each measurement scale were assessed using Cronbach’s alpha. 

Structural equation modeling (SEM) was the primary analytical technique used to test the hypothesized 

model. This was conducted in two sequential steps. 

 

3.3.1. Measurement model analysis 

Confirmatory factor analysis (CFA) was performed to evaluate the measurement model’s 

psychometric properties. Convergent validity was assessed using the average variance extracted (AVE>0.5), 

and discriminant validity was established using the Fornell-Larcker criterion. Composite reliability (CR>0.7) 

was also calculated to confirm scale reliability. 

 

3.3.2. Structural model analysis 

Following the validation of the measurement model, the structural model was analyzed to test the 

hypothesized relationships between the constructs. The overall goodness-of-fit of the model was evaluated 

using a battery of indices, including the Chi-square/degrees of freedom ratio (χ²/df<3), comparative fit index 

(CFI>0.9), Tucker-Lewis index (TLI>0.9), root mean square error of approximation (RMSEA<0.08). 
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Table 1. Construct measurement items and sources 
Factors Items Item Source 

PE PE1 I think using AI tools is useful for my academic writing [11], [13], [17], 
[37], [38] PE2 I think using AI tools make my academic writing tasks easier to complete 

PE3 I think using AI tools increases my productivity in academic writing 

EE EE1 I think my interaction with AI tools for academic writing is clear and understandable [13], [17], [38] 
EE2 I think learning how to operate AI tools for academic writing is easy for me 

EE3 I think AI tools for academic writing are easy to use 

EE4 I think it is easy for me to become skillful at using AI tools for academic writing  
SI SI1 My friends and family think that I should use AI tools for academic writing [17], [39], [40] 

SI2 My colleagues think that I should use AI tools for academic writing 

SI3 Influential people in my field, or experts recommend the use of AI tools for academic writing 
SI4 My research adviser thinks I should use AI tools for academic writing 

FC FC1 I have the necessary technology (e.g., computer, internet access) to use AI tools for academic 

writing 

[11], [24], [41] 

FC2 Resources that teach me how to use AI tools for academic writing (e.g., tutorials, guides) are 

available to me 

FC3 My university supports and encourages the use of AI tools for academic writing 

FC4 Technical support is available to help me if I experience difficulties with AI tools for 

academic writing 

PR PR1 I am concerned that content generated by AI tools for academic writing may be inaccurate or 
untruthful 

[30], [35], 

[42]−[44] 
PR2 I am concerned that using AI tools for academic writing could result in producing misleading 

or deceptively false information 

PR3 I am concerned that content generated by AI tools for academic writing might contain or 

reinforce harmful biases and stereotypes 
PR4 I find it is difficult to verify the factual accuracy of content generated by AI tools for my 

academic writing 

ER ER1 I am concerned that using AI tools for academic writing could lead to infringing on the 
intellectual property of others 

[9], [35], [44], 
[45] 

ER2 I find it is difficult to determine if content generated by an AI tool for academic writing 

constitutes plagiarism 
ER3 I am concerned about the privacy and confidentiality of the information and data I input into 

AI writing platforms 

BI BI1 I intend to use AI tools for my academic writing tasks in the near future [17], [46] 
BI2 I predict I will use AI tools regularly for my academic writing over the next few months 

BI3 I plan to integrate AI tools into my regular academic writing process 

UB UB1 I frequently use AI tools for my academic writing tasks [35], [47] 
UB2 I regularly use AI tools as part of my academic writing process 

UB3 Using AI tools has become a habitual part of how I approach my academic writing 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Results 

4.1.1. Respondent demographics 

Of the total 412 responses collected, 404 were complete and valid and were used for the final 

analysis. The detailed demographic characteristics of the study sample are presented in Table 2. The analysis 

showed that the sample was relatively balanced and diverse. In terms of gender, the proportion of women 

was in the majority (55.94%). The predominant age group was 35-44 years old (48.27%), indicating that the 

majority of participants were researchers and scholars who had a solid position in their careers. The study 

sample also had diversity in professional fields, in which the social sciences and humanities group accounted 

for the largest proportion (35.4%). In particular, the majority of participants had extensive research 

experience, with 48.26% having more than 10 years of experience. The demographic diversity and breadth of 

experience of the sample ensures that the data collected is highly representative, providing a solid foundation 

for testing the model on AI tool acceptance in academic writing. 

 

4.1.2. Measurement model assessment 

Internal consistency was evaluated using Cronbach’s alpha and CR. Table 3 details the reliability 

and validity assessment of the measurement model. In terms of reliability, both Cronbach’s alpha (ranging 

from 0.762 to 0.966) and CR values (ranging from 0.765 to 0.968) surpassed the recommended threshold of 

0.70 [48]. These figures indicate a high level of internal consistency across all constructs. Regarding 

convergent validity, the model was evaluated based on factor loadings and AVE. All standardized factor 

loadings were statistically significant, falling between 0.778 and 0.971, which is well above the 0.70 cutoff. 

Additionally, AVE values ranged from 0.521 to 0.910, exceeding the 0.50 benchmark. This confirms that 

each construct accounts for more than 50% of the variance in its indicators. Collectively, these findings 

provide strong evidence for the model’s reliability and validity, justifying the subsequent structural analysis. 
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Table 2. Demographic profile of respondents (N=404) 
Characteristic Category Frequency Percentage (%) 

Gender Male 178 44.06 
Female 226 55.94 

Age group 25-34 years 102 25.25 

35-44 years 195 48.27 
45-54 years 86 21.29 

55 years and above 21 5.1 

Discipline STEM 117 28.96 
Social sciences and humanities 143 35.4 

Economics and business 120 29.7 

Other 24 5.94 
Research experience Less than 5 years 62 15.35 

5-10 years 147 36.39 

More than 10 years 195 48.26 

 

 

Table 3. Factors loading, Cronbach’s alpha, reliability, and convergent validity 
Factors Items Cronbach’s alpha Factor loadings CR AVE 

PE PE1 0.933 0.950 0.933 0.824 

PE2  0.940   
PE3  0.927   

EE EE1 0.853 0.825 0.855 0.596 

EE2  0.832   
EE3  0.875   

EE4  0.800   

SI SI1 0.905 0.871 0.906 0.706 
SI2  0.892   

SI3  0.900   

SI4  0.865   
FC FC1 0.937 0.906 0.937 0.788 

FC2  0.922   

FC3  0.933   
FC4  0.908   

PR PR1 0.886 0.778 0.889 0.670 

PR2  0.887   
PR3  0.898   

PR4  0.889   

ER ER1 0.762 0.823 0.765 0.521 
ER2  0.795   

ER3  0.851   

BI BI1 0.966 0.970 0.968 0.910 
BI2  0.969   

BI3  0.971   

UB UB1 0.953 0.949 0.955 0.875 
UB2  0.971   

UB3  0.950   

 

 

4.1.3. Correlation and discriminant validity analysis 

After confirming the reliability and convergent validity of the measurement model, a Pearson 

correlation analysis was conducted to examine the relationships between the core constructs. Furthermore, 

discriminant validity-which ensures that the constructs in the model are empirically distinct from one 

another-was assessed using the Fornell-Larcker criterion. The results are presented in Table 4. 

 

 

Table 4. Correlation coefficient among core variables 
EE SI PE ER PR FC BI UB 

0.772        

0.225*** 0.840       
0.183** 0.378*** 0.908      

-0.004 -0.009 -0.044 0.722     

0.468*** 0.448*** 0.563*** -0.090 0.818    
0.211*** 0.482*** 0.424*** -0.054 0.475*** 0.888   

0.496*** 0.614*** 0.663*** -0.199*** 0.436*** 0.399*** 0.954  

0.414*** 0.638*** 0.594*** -0.125* 0.520*** 0.698*** 0.743*** 0.936 

Note: *p<0.05, **p<0.01, ***p<0.001. 
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As shown in Table 4, most of the core variables are positively and significantly correlated.  

For instance, BI shows a strong positive correlation with UB (r=0.743, p<0.001) and PE (r=0.663, p<0.001). 

Notably, ER was found to be negatively correlated with BI (r=-0.199, p<0.001) and UB (r=-0.125, p<0.05). 

To establish discriminant validity, the Fornell-Larcker criterion is met if the square root of the AVE for  

a given construct is greater than its correlations with all other constructs. The results in the table confirm that 

this condition was satisfied for all variables. Therefore, the analysis confirms that all constructs in the study 

possess adequate discriminant validity, indicating that they measure distinct concepts. 

 

4.1.4. Structural model and hypothesis testing 

The structural model fit was assessed using χ²/df, CFI, TLI, and RMSEA. The assessment of the 

structural model, as detailed in Table 5 and Figure 1, revealed a high degree of compatibility between the 

model and the observed data. Key goodness-of-fit indices fell within the recommended ranges. Specifically, 

the ratio of χ²/df was 1.804, satisfying the requirement of being less than 3. Other comparative indices also 

demonstrated strong fit, with CFI (0.973) and TLI (0.969) surpassing the 0.90 benchmark, while GFI reached 

0.904 (exceeding the 0.80 threshold). Furthermore, the RMSEA value of 0.045 was well within the 

acceptable limit of <0.08. These results confirm the model’s robustness, justifying the subsequent hypothesis 

testing. Based on the 404 valid responses, the proposed relationships were examined by analyzing 

standardized path coefficients (β), critical ratios, and p-values. The results, as detailed in Table 6, show that 

all seven proposed hypotheses were statistically significant and supported. 

 

 

Table 5. Model fitting results 
Fit index Recommended threshold Observed value Evaluation result 

CMIN/DF <3 1.804 Good fit 

GFI >0.8 0.904 Good fit 
CFI >0.9 0.973 Good fit 

TLI >0.9 0.969 Good fit 

RMSEA <0.08 0.045 Good fit 

 

 

 
 

Figure 1. Results of the SEM analysis 
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Table 6. Results of hypothesis testing 
Hypothesis Path Std. Beta (β) Critical Ratio p-value Result 

H1 PE→BI 0.585 13.575 0.000 Supported 
H2 EE→BI 0.438 10.597 0.000 Supported 

H3 SI→BI 0.434 11.385 0.000 Supported 

H4 FC→UB 0.477 13.456 0.000 Supported 
H5 PR→BI -0.308 -6.328 0.000 Supported 

H6 ER→BI -0.194 -5.497 0.000 Supported 

H7 BI→UB 0.544 16.273 0.000 Supported 

 

 

a. Factors influencing behavioral intention 

Regarding the antecedents of academics’ intention to use AI writing tools, the structural model 

explained a significant 77.9% of the variance in BI (R2=0.779). The results validated all five proposed 

hypotheses. Specifically, PE emerged as the strongest driver, exerting a substantial positive impact on BI 

(β=0.585, p<0.001), thereby supporting H1. Similarly, EE (β=0.438, p<0.001) and SI (β=0.434, p<0.001) 

demonstrated strong positive associations with intention, confirming H2 and H3. In contrast, risk factors 

acted as barriers; both PR (β=-0.308, p<0.001) and ER (β=-0.194, p<0.001) had significant negative effects 

on BI, supporting H5 and H6. These findings are particularly insightful when viewed in the context of the 

respondent demographics. The paramount importance of PE (H1) suggests that this sample of predominantly 

experienced academics (48% with >10 years of experience) is highly pragmatic. Their decision to adopt AI is 

driven primarily by the tangible improvements it can bring to their work. Furthermore, the strong negative 

influence of PR (H5) underscores that for established researchers, the fear that an AI tool might compromise 

the quality or integrity of their output is a major deterrent. 

b. Factors influencing use behavior  

Next, the model evaluated the predictors of the actual use of AI writing tools. The model was highly 

effective, accounting for 75.3% of the variance in UB (R²=0.753). BI was the strongest predictor of UB, with 

a standardized path coefficient of β=0.544 (p<0.001). This confirms H7, highlighting that a strong intention 

is the most critical driver of actual adoption. FC also had a significant and strong direct positive effect on UB 

(β=0.477, p<0.001), supporting H4. This highlights that for the academics surveyed, translating intention into 

action is heavily reliant on having the necessary resources and support (FC). Even with strong intent, 

practical barriers can impede the actual use of AI tools in their academic writing process. In summary, all 

seven hypotheses were supported, and the high R² values confirm the model’s robust ability to explain the 

factors driving the adoption of AI writing tools among the surveyed academic population. 

 

4.2.  Discussion 

The proliferation of AI is fundamentally reshaping the landscape of academic research, heralding  

a new phase within the broader “era of transformation” driven by digitalization and hyperconnectivity [46]. 

The finding that PE is the most powerful predictor of adoption intention (β=0.585) provides robust empirical 

support for the arguments of Grassini et al. [19] and Wang [20]. As they suggest, academics are 

fundamentally pragmatic users; their willingness to adopt a new tool is primarily driven by the belief that it 

will enhance their research productivity and writing quality. This result confirms that the promise of AI to 

make the writing process “faster and more efficient” is the central value proposition for this demographic [3]. 

Similarly, the strong positive influence of EE (β=0.438) aligns perfectly with the conclusions of 

Budhathoki et al. [16] and Guggemos et al. [22]. Even for a highly educated user group, the perceived ease 

of use is a critical factor. The intuitive and user-friendly nature of modern generative AI tools lowers the 

barrier to entry for busy academics, making them more likely to experiment with and integrate these systems 

into their workflow. 

SI was found to be a significant driver of intention (β=0.434), confirming the arguments of 

Guggemos et al. [22] regarding the normative pressures within professional environments. This suggests that 

as more scholars and research teams begin to use AI tools, a network effect is created, encouraging non-users 

to adopt the technology to maintain a competitive edge and align with evolving academic norms. Crucially, 

this study found a strong, direct link between FC and UB (β=0.477). This empirically validates the assertions 

of Hsu [26], Alanzi and Ratten [27] that organizational and technical infrastructure are not merely helpful but 

essential. It underscores that even when lecturers possess a strong intention to use AI, this intention cannot be 

converted into actual use without institutional support, such as access to premium tool subscriptions, official 

guidelines, and adequate training. 

A key contribution of this study is its quantification of perceived risks as significant barriers to 

adoption. The powerful negative influence of PR (β=-0.308) on intention resonates strongly with the 

concerns raised by several studies [31], [32] regarding algorithmic bias and the potential for unreliable 
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outputs. Our findings show that for academics, whose careers are built on intellectual rigor, the fear of AI 

producing flawed or inaccurate content is the single greatest deterrent. 

Furthermore, the significant negative impact of ER (β=-0.194) aligns with the wide-ranging 

concerns about academic integrity, plagiarism, and authorship [6], [8]. This result empirically supports the 

notion proposed by Jia et al. [34] that when users perceive an ethical misalignment-such as the potential for 

unintentional plagiarism or data privacy violations-their trust in the system erodes, leading to resistance. 

Finally, the strong predictive power of BI on UB (β=0.544) confirms the foundational relationship 

established in the UTAUT model and supported by numerous studies [16], [36], cementing its role as the 

primary antecedent of actual technology use. 

 

 

5. CONCLUSION 

The adoption of AI tools for academic research by Vietnamese lecturers is a complex process driven 

by a rational evaluation of benefits and usability, but significantly tempered by perceptions of risk. This study 

successfully integrated the UTAUT model and PRT to demonstrate that PE and EE are key drivers of 

intention, while perceived risk is a formidable barrier. To translate intention into actual use, both individual 

motivation and strong institutional support in the form of FC are indispensable. As AI continues to evolve, 

fostering an environment of informed, critical, and ethical adoption will be paramount for the advancement 

of academic research in Vietnam. 

This research makes two primary theoretical contributions. First, it validates the core UTAUT model 

within the novel context of AI tool adoption in a developing nation’s higher education system, confirming its 

cross-cultural applicability. Second, and more importantly, it demonstrates the value of augmenting UTAUT 

with PRT. For emerging and potentially disruptive technologies like AI, where user trust is not yet established 

and the outcomes are uncertain, risk perception is a crucial inhibitor. Our findings advocate for the inclusion 

of perceived risk as a standard construct when studying the adoption of AI and other autonomous systems. 

The findings of this study yield several practical recommendations for stakeholders and for 

university administrators: i) promote value: focus communication and demonstrations on how specific AI 

tools can directly improve research outcomes (e.g., publication rates, grant acquisition); ii) provide robust 

support: invest in institutional licenses for reputable AI tools, organize hands-on training workshops, and 

establish clear, university-wide guidelines on the ethical use of AI to mitigate risk perceptions; and  

iii) address risks: proactively address lecturers’ concerns about ethics and accuracy by fostering open 

dialogue and providing resources on how to use AI responsibly and critically. For AI tool developers:  

i) prioritize usability: design tools with intuitive interfaces and provide clear tutorials and ii) build trust: be 

transparent about data privacy policies, algorithmic limitations, and how the tool should be cited. Features 

that help users check for source accuracy can directly combat PR. For lecturers: develop a critical form of 

“AI literacy” that involves not only using the tools but also understanding their limitations and evaluating 

their output with scholarly rigor. 

This study is subject to several limitations. First, this study utilized non-probability sampling 

techniques, including convenience and snowball sampling. Therefore, the sample may not be fully 

representative of the entire population of Vietnamese lecturers, which limits the generalizability of the 

findings. Second, the cross-sectional design provides only a static snapshot of AI adoption; a longitudinal 

study would be beneficial for capturing the dynamic nature of technology acceptance over time. Third,  

the data is based on self-reports, which may be subject to common method bias or social desirability bias. 

Future research could build on this study in several ways. Qualitative studies, such as in-depth 

interviews, could provide richer insights into the specific nature of lecturers’ perceived risks and their 

strategies for mitigating them. Comparative studies could explore how adoption factors differ across 

academic disciplines. Finally, future models could incorporate other potentially relevant variables such as 

personal innovativeness, trust in AI, or the moderating effect of prior AI experience. 
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