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Despite the increasing integration of AI tools in translation training, 

limited research has examined how Technology Acceptance Model 

(TAM) factors influence students’ adoption and the relationship 

between TAM and learning outcomes. This study applies the TAM 

to examine the determinants of AI tool adoption in translation 

practice among 59 senior translation majors in Vietnam. The study 

employed an explanatory sequential mixed-method design using 

close and open-ended questionnaire items on its four components 

(Perceived Usefulness - PU, Perceived Ease of Use - PEOU, 

Attitude toward Use - ATU, and Behavioral Intention - BI), and the 

sets of students’ performance scores in AI-related translation 

technology and translation practice courses. The findings revealed 

translation majors’ general positive perceptions. PEOU and PU got 

higher mean scores while ATU got the lowest, with more variation. 

However, ATU was the strongest predictor of future use, followed 

by PEOU and PU. Relationships between TAM components and 

performance scores are weak or non-significant, indicating limited 

predictive value for academic outcomes. The TAM component 

analysis also resulted in near-zero correlations with the scores. 

Thus, AI tools are perceived as useful and accessible in translation 

practice, but their adoption alone does not mean better performance 

scores, highlighting the need for guided pedagogical integration 

applicable to Vietnam’s context and similar ones. 

 

Introduction  

With the support of artificial intelligence (AI) tools, translation education has been transformed 

rapidly. Around the world, not only professional translators but also student translators use AI-

based translation tools, hereafter shortly called AI translation tools/AI tools, in their translation 

process, and this tendency is on the increase thanks to their rapid speed, flexibility, and time-

saving (Bowker & Ciro, 2019; Garcia & Pena, 2011; Moorkens, 2018). As part of translation 

and translator competencies, technological competence is now recognized as a core component 
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of modern translation education (Doherty, 2016; O’Hagan, 2019). It is essential to align 

technology-related competencies to harmonize other sub-competencies within translation 

competence (Zou, 2015). AI-powered tools transform the nature of translation work, and 

translators become active co-creators, a shift that requires translation education to gradually 

include digital literacy, post-editing strategies, and AI-assisted translation workflows alongside 

linguistic and cultural instruction (Bundgaard et al., 2016). In particular, the successful 

integration of AI translation tools in educational contexts depends not only on technical 

infrastructure but also on students’ acceptance and effective, responsible use of them.  

Despite the rapid development of AI-translation tools, research on how students majoring in 

translation, hereinafter referred to as translation majors, engage with these technologies remains 

limited, especially in Vietnam. Additionally, existing studies often focus on usability, tool 

performance, or professional perspectives (Moorkens, 2020; Nguyen et al., 2025), but few 

examine translation majors’ perceptions of these tools, and even fewer adopt theoretical models 

to explain their motivational dynamics. As a result, there is a lack of empirical understanding 

of the factors that drive translation majors’ adoption of AI tools in academic translation settings. 

Furthermore, little is known about how such drivers of adoption correlate with student 

translators’ actual translation performance, particularly in post-training contexts where they 

have already received some form of instruction in translation technology. In short, previous 

studies have focused primarily on general adoption patterns of AI tools, with limited attention 

to how TAM constructs interact within specific translation training contexts, particularly 

regarding students’ actual learning outcomes. These gaps are significant because understanding 

both students’ perceptions and the relationship between AI tool adoption and translation 

performance is essential for informing effective pedagogical integration. 

Therefore, this study aims to examine the determinants of AI tool adoption among translation 

majors using the Technology Acceptance Model (TAM) and to investigate the extent to which 

these factors relate to students’ translation performance. 

Therefore, this study was conducted to fill these gaps by applying the Technology Acceptance 

Model (TAM), the extended version by Venkatesh and Davis (2000), to investigate the 

motivational drivers of AI tool adoption among translation majors in an English faculty in 

Vietnam and the extent to which these factors relate to students’ translation performance. The 

TAM, with its four-component structure, namely Perceived Usefulness (PU), Perceived Ease of 

Use (PEOU), Attitude Toward Use (ATU), and Behavioral Intention (BI), has been widely 

employed to understand user acceptance of various technologies in various fields, including 

education. Specifically, this study sets out to (1) examine the motivational drivers behind 

translation majors’ adoption of AI tools in translation practice using the TAM framework and 

(2) explore the relationship between these motivational drivers and their translation 

performance after some instruction in translation technology.  

Accordingly, the study would answer the two research questions:  

1. How do PU, PEOU, and ATU influence BI toward translation majors’ use of AI tools? 

2. Is there any correlation between translation majors’ adoption of AI tools and their 

translation performance scores based on the TAM? 
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The research is expected to empirically support the application of the TAM in translation 

education and offer practical implications for AI-integrated classroom activity design in similar 

training contexts. 

 

Literature review 

AI translation tools in translation education 

The increasing need for global communication has advanced AI tool adoption, as evident in the 

development of new technologies, including mobile phones and computer programs, that are 

widely used in translation education (Al-Hamad et al., 2021). In this study, AI tools cover 

machine translation systems (e.g., neural machine translation tools), AI-assisted writing and 

editing tools, and intelligent translation support systems that integrate multiple functionalities. 

Several AI tools are employed to meet the translation market’s new requirements. They are 

software systems that use AI techniques, particularly machine learning and neural networks, to 

automatically translate text or speech from one language to another (Wu et al., 2016). Many AI-

based translation software models are currently available in the market, including machine 

translation (MT) like Amazon Translate, Bing, Google Translate, DeepL, Microsoft Translator, 

Reverso, and Systran Translate; and computer-aided translation (CAT) tools like Lokalise, 

Crowdin, MemoQ, Memsource, Smartcat, Smartling, Trados, and TextUnited. Simulating 

conversational responses and mimicking human interactions more directly, AI translation tools 

also include newly developed applications such as ChatGPT, ChatSonic, and YouChat (Moneus 

& Sahari, 2024).  

Several AI tools, e.g., ChatGPT, DeepL, and Google Translate, are used because they are 

accessible, fast, and useful in multilingual learning contexts (Al-Maroof et al., 2020). Other 

CAT tools, such as SDL Trados Studio and memoQ, are employed in academic translation to 

model professional workflows and enhance terminology management skills (Bilić, 2020). Some 

tools are chosen for their ability to provide context-adaptive translations and aid cognitive 

processes, including drafting, summarizing, and post-editing (Salloum et al., 2024). Taken 

together, these suggest that AI tools serve both functional and pedagogical purposes; however, 

their effectiveness depends on how they are integrated into instructional practices. Thus, AI 

tools are used to replicate real-world industry demands and provide students with more 

cooperative and process-oriented learning. Accordingly, the value of AI tools in translation 

education is influenced by how they are adopted and applied in classroom contexts.  

AI tools play important roles in the teaching and learning of translation teachers and students 

(Salloum et al., 2024); however, their adoption in academic settings remains the subject of 

debate. Many are still concerned about students’ over-reliance on AI outputs, their weakened 

human linguistic creativity, and their fear of being treated as proofreaders rather than real 

language brokers (Copeland, 2024; Moorkens, 2020); students’ over-reliance, weakened 

translation competence, and compromised academic ethics (Rico & González Pastor, 2022). 

Others are even worried about providing qualified instruction for students to learn and work 

with technology rather than its passive use (Rico & González Pastor, 2022; Pym, 2011). Overall, 

the existing research acknowledges both the benefits and challenges of AI tool integration, but 



https://callej.org Nguyen Thi Nhu Ngoc Vol. 27; No. 2; 2026 

94 
 

it has largely focused on general perceptions rather than systematically examining how these 

factors influence actual adoption behavior and learning outcomes in translation education. 

Thus, the integration of AI tools requires prioritizing their usability and efficiency while 

supporting the development of students’ translation competence, creativity, and ethical 

awareness.  

Technology Acceptance Model (TAM) 

In Davis (1989), the original TAM is introduced with two components - Perceived Usefulness 

and Perceived Ease of Use as keys to determine users’ acceptance of technology. The first 

refers to “the degree to which a person believes that using a particular system would enhance 

his or her job performance,” and the second means “the degree to which a person believes that 

using a particular system would be free of effort” (Davis, 1989, p. 320). Accordingly, PU 

reflects an extrinsic motivator, i.e., when finding a technological system useful, people are more 

willing to invest the time and effort to learn and use it; PEOU reflects an intrinsic motivator, 

i.e., when people feel it does not require excessive mental or physical effort, they are likely to 

use the system.  

Davis (1989) also indicates that PU and PEOU are interrelated and both influence people’s 

technology usage. PU has a stronger direct influence, and PEOU has an indirect one by 

enhancing PU. That means, when people find a technological system easy to use, they are more 

likely to find it useful. This indirect effect is a core contribution to the TAM. This 

interrelationship has been widely recognized in prior studies (Legris et al., 2003; Ma & Liu, 

2004; Park, 2009; Venkatesh & Bala, 2008) as a key strength of the TAM, as it provides a more 

integrated explanation of user behavior.  This feature helps the TAM gain greater reliability than 

previous models, where ease and usefulness are considered separate elements. Thus, the TAM 

is regarded as an effective framework for understanding why users adopt or reject technologies 

thanks to its focus on user perception, rather than just technical features. This also makes it a 

favorite tool for information systems research. 

Later, the TAM is extended with two more components in Venkatesh and Davis (2000): Attitude 

toward Use and Behavioral Intention, which refer to a person’s overall evaluative affect 

(positive or negative) toward using the technology and the degree to which he/she intends to 

use it in the future, respectively. ATU is influenced by both PU and PEOU and directly affects 

BI. It acts as a motivational link between people’s beliefs and usage (Legris et al., 2003). 

However, BI acts as a direct antecedent to their usage behavior. It is a key factor in the TAM, 

connecting people’s attitude and actual use (Venkatesh & Bala, 2008). The extended TAM 

depicts a causal flow among its four components, as shown in Figure 1. 
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Fig. 1.  

The TAM’s causal flow (adapted from Venkatesh and Davis, 2000) 

 

Their relationships have been affirmed in numerous empirical studies across various fields 

(King & He, 2006; Legris et al., 2003; Venkatesh & Bala, 2008; Venkatesh & Davis, 2000), 

showing that PEOU significantly influences PU, and PU is often the strongest predictor of BI 

(Ma & Liu, 2004; Park, 2009). In short, we can see that PU and PEOU influence people’s ATU, 

which then shapes their BI to adopt a technological system. This model has been extensively 

tested and validated across various educational contexts (Marangunić & Granić, 2014; Park, 

2009). However, these studies have mostly concentrated on general technology adoption 

contexts, with limited attention to domain-specific applications such as translation education. 

Therefore, the extended TAM has been considered one of the most widely adopted frameworks 

for explaining how users accept and use new technologies. It is also the core reason for choosing 

the extended TAM in translation studies, particularly its application in examining both students’ 

perceptions and their actual performance in AI-supported translation practice in the current 

study. 

TAM in previous translation studies 

The TAM use in translation studies is relatively new and underdeveloped. Existing studies 

suggest that, while TAM provides a useful framework, its application in translation education 

remains limited and context-dependent.  

Some studies indicated the limitations of the original TAM in the context of translator 

education. Copeland (2024) and Moorkens (2020) argue that, with only two components, it did 

not fully capture students’ emotional resistance, identity-based concerns, or professional 

anxieties related to AI adoption. For example, students who valued creativity and autonomy 

might resist AI tools like ChatGPT or MT systems, not because they lacked utility or usability, 

but because they perceived them as undermining their role as skilled language professionals.   

Recent research has confirmed that the extended TAM worked better, and the relationships 

among its four components are appropriate in translator training environments. In Al-Hamad et 

al. (2021) and Al-Maroof et al. (2020), Google Translate was adopted in Jordanian and Arab 
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educational contexts, and the findings show that PEOU and PU had a strong impact on students’ 

ATU, with PU having the strongest direct effect on BI. Similarly, in Salloum et al. (2024), the 

TAM was applied to Arabic students’ adoption of ChatGPT, and the results further supported 

this sequence while also considering motivation and experience as external variables. These 

studies indicate that TAM relationships are generally supported in translation-related contexts, 

although their strength may vary across learning environments and tool types. These findings 

together indicate that students’ adoption of AI tools likely increases when the ease of use is 

perceived and when they believe their translation performance is improved to some extent. 

However, ease of use, if considered in isolation, cannot be enough; a sense of utility requires 

further consideration. 

Furthermore, research has highlighted the complication of the TAM’s prescribed causal flow. 

For example, in Ma and Liu (2004), though PEOU positively impacted PU, ATU might not play 

a consistent role in various contexts; in Copeland (2024), many Korean students admitted 

emotional and identity-related factors, such as professional pride or fear of being considered a 

“proofreader,” could reorganize the TAM causal flow. These findings suggest that the TAM 

may not operate uniformly across contexts, particularly in fields where professional identity 

and affective factors are salient. They also show that, though the TAM is a reliable model for 

predicting student behavior, it needs contextual and affective extensions in an AI-adopted 

educational environment, especially where human work is involved, such as in translation 

education. 

A gap in regional and cultural diversity also exists in TAM-based translation research. In 

countries such as the Arab countries, China, Jordan, Korea, and Saudi Arabia, several surveys 

have been conducted; however, in Southeast Asia, the TAM has not been fully explored in 

translation education. Many of these studies focused on technology adoption from a general 

educational perspective rather than from the specific demands of translator training. In 

translation education, AI tools support learning and shape how students analyze source texts, 

make linguistic and cultural decisions, evaluate machine-generated outputs, and develop post-

editing competence. Rico and González Pastor (2022) and Pym (2011) emphasized that future 

translation competence models are expected to combine human linguistic knowledge with AI 

use. However, few studies have examined how TAM factors relate to both students’ adoption 

behavior and their actual performance in translation practice within Southeast Asian contexts. 

This study, therefore, addresses this gap by examining AI tool acceptance in Vietnam’s 

translation education context, where cultural, institutional, and pedagogical factors may shape 

students’ engagement with AI-assisted translation differently from those in previously studied 

regions, thereby contributing additional insights to the existing literature and practice.  

 

Methods  

Research design  

An explanatory sequential mixed-methods design was utilized in this study. This design was to 

first identify general patterns through quantitative data and then use qualitative responses to 

further explain and interpret these patterns in greater depth. In the first phase, a TAM-based 
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questionnaire with closed- and open-ended items was used to collect both quantitative and 

qualitative data to measure its four components and to provide further relevant explanations. 

The quantitative analysis was conducted first, followed by qualitative coding to explain selected 

statistical findings. Particularly, these qualitative responses helped clarify unexpected trends 

and provide contextualized insights into students’ perceptions and behaviors. In the second 

phase, the translation performance scores of participants in two courses were collected to 

examine correlations between their academic outcomes and their levels of acceptance and use 

of AI tools. The use of such a sequential approach provided a better understanding of possible 

patterns found in the findings.  

In this TAM-based study, instead of semi-structured interviews, open-ended items were used to 

support closed-ended items in the questionnaire. The purpose was to ensure consistent data 

collection across all participants and greater representation, thereby reducing logistical 

complications in interview arrangements and transcriptions (Creswell & Plano Clark, 2018). 

Furthermore, the participants’ written responses provide more in-depth reflections, as the 

anonymity of the questionnaires minimizes social desirability bias that often appears in direct 

interviews (Bryman, 2016). Such qualitative data also coherently align with quantitative 

variables, which brings effective triangulation in mixed-methods research (Dörnyei, 2007); they 

also decrease the researcher’s influence and provide freedom for participants to express 

opinions (Patton, 2015), which is important for exploratory studies like this TAM-based survey 

on AI translation tool adoption.  

Research context and participants 

The participants consisted of 59 third-year translation majors in the English faculty at a 

university in Vietnam. All the participants completed two courses: “Using Technologies in 

Translation” to become familiar with common AI translation tools and learn how to use them; 

and “Translation Practice,” in which they had opportunities to use AI translation tools in 

subsequent translation practice. The two courses were taught by different teachers. Thus, the 

participants were selected using purposive sampling, based on the criterion that they had prior 

training in AI translation tools in the first course and adopted these tools in the second course. 

This helps ensure that they have sufficient background to evaluate the use of AI translation tools 

in their practice. 

Also, the participants had previously completed courses in language skills and English 

linguistics, as well as translation-related courses, such as “Basic Translation” to gain essential 

translation knowledge and skills, and “Translation Theories” to become familiar with key 

concepts and translation quality assessment. That means they all had completed foundational 

courses in linguistics and translation, ensuring a homogeneous background. 

Research instrument 

The instrument is a TAM-based online questionnaire designed to capture participants’ 

perceptions of the four TAM components and their experiential insights. Its structure is 

presented in Table 1.  
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Table 1. 

The structure of the TAM-based questionnaire 

Section Purpose 

A. TAM-based perceptions of 

using AI translation tools  

16 five-point Likert scale 

items 

 

 

To explore what they think about AI tools, with four items 

for each of the four TAM components.  

4 open-ended items To further explore their experiences in adopting AI tools in 

practice.  

B. Further information  

4 items 

To explore the common AI translation tools used by the 

participants and their scores in the two courses.  

Section A, adapted from Al-Maroof et al. (2020) and Venkatesh and Davis (2000), was to 

respond to Research Question 1. It was first piloted with a small group of students (n = 20) to 

ensure clarity and internal consistency. Revisions were made accordingly. The Cronbach’s 

Alpha is α = 0.869, indicating good internal consistency. This means their combination could 

reliably measure participants’ general perceptions and intentions regarding the use of AI 

translation tools. Additionally, reliability analysis for each TAM subscale showed acceptable 

internal consistency (PU: α = 0.716, PEOU: α = 0.725, ATU: α = 0.802, BI: α = 0.640), further 

supporting the validity of this instrument. 

Section B was to respond to Research Question 2. It provided the AI translation tools utilized 

by the participants and their course performance scores in the two courses, “Using Technologies 

in Translation” and “Translation Practice.” These two courses were selected as performance 

indicators because they capture both students’ technological competence (in learning to use AI 

tools) and their applied translation performance, thereby providing a more comprehensive 

measure of learning outcomes. A participant’s course score is determined by all his/her 

performances in the mid-term and final tests, classroom assignments, and group presentation 

and project. Aggregated course scores were used as broad indicators of sustained course 

performance, although they may not capture translation performance on their own. 

Data collection and data analysis procedures  

After completing the two courses, the participants were asked to complete the online TAM-

based survey. They had one week to recall their experiences and provide relevant responses. 

Their scores in the two courses were also collected and double-checked to avoid any errors 

based on a comparison with the academic transcripts provided from the university’s academic 

affairs division. An academic support staff member helped check the score accuracy.  

The quantitative data were analyzed using descriptive statistics in SPSS to examine the 

participants’ overall perceptions and variance; Pearson Correlation Coefficient Analysis to 

evaluate the correlations among the four TAM components; and Multiple Linear Regression to 

test how well PU, PEOU, and ATU predict BI. The qualitative responses were analyzed using 

thematic analysis in NVivo to explore recurring patterns in students’ reflections on AI tools in 

their translation practice. These qualitative findings were then used to complement and explain 

the quantitative results, particularly in cases where statistical relationships were weak or 
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unexpected. The participants’ translation performance scores from the two courses were 

statistically analyzed using the Pearson Correlation Test to examine whether performance 

scores differed across the two course contexts and whether associations exist between TAM-

based perceptions and course performance scores.  

In short, TAM variables are PU, PEOU, ATU, and BI; performance variables are course 

performance scores in “Using Technologies in Translation” and “Translation Practice.” This 

study examined associations between students’ TAM-based perceptions of AI translation tools 

and their course performance scores. Because the study did not employ a control group or pre-

test/post-test experimental design, the results should be interpreted as correlational rather than 

causal. 

 

Results 

Research question 1:  How do PU, PEOU, and ATU influence BI toward translation majors’ 

use of AI tools?  

Table 2. 

Translation majors’ TAM-based perceptions of using AI translation tools 

Item N Mean Standard 

Deviation 

1. AI tools help improve my product quality. (PU) 59 3.93 0.72 

2. AI tools help me translate faster and more efficiently. (PU) 59 4.31 0.70 

3. AI tools improve the accuracy of my translations. (PU) 59 3.86 0.68 

4. AI tools enhance my overall translation performance. (PU) 59 3.90 0.61 

5. I find it easy to learn how to use AI tools. (PEOU)  59 4.03 0.81 

6. I find it easy to use AI tools in my translation practice. (PEOU) 59 4.14 0.71 

7. I find AI tools user-friendly for translation tasks. (PEOU) 59 3.95 0.60 

8. I find AI tools flexible to use in different translation scenarios. 

(PEOU) 

59 

4.20 0.52 

9. I believe using AI tools is a good idea. (ATU) 59 3.58 0.88 

10. I feel positive overall about integrating AI tools into my 

translation workflow. (ATU) 

59 

3.73 0.81 

11. I feel using AI translation is open-minded and experimental. 

(ATU) 

59 

3.63 0.69 

12. I find using AI tools is supportive for learning translation 

skills. (ATU) 

59 

3.61 0.91 

13. I will continue using AI tools in my future translation tasks. 

(BI) 

59 

4.25 0.63 

14. I will recommend AI tools to my peers for translation. (BI) 59 3.69 0.84 

15. I will use AI tools for real-world translation jobs. (BI) 59 3.85 0.78 

16. I will develop better strategies for post-editing AI output. 

(BI) 

59 

4.19 0.60 
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In Table 2, the means range from 3.63 to 4.31, indicating that most items fall within the “Agree” 

range and some within “Strongly Agree”. This indicates the participants’ generally positive 

perceptions of AI tools. Additionally, the SDs are mostly between 0.60 and 0.70, showing their 

moderate agreement. Specifically, Items 2, 8, and 13 (M = 4.31, SD = 0.70; M = 4.20, SD = 

0.52; M = 4.25, SD = 0.63) indicate translation majors’ strong agreement on AI tools’ practical 

efficiency, flexibility, and potential use in future professional translation. However, Item 9 

(M=3.58, SD=0.88) shows their tentative support, possibly accompanied by concerns or 

expectations. 

Table 3. 

Component-level analysis 

Component Mean SD 

Perceived Usefulness  4.00 0.50 

Perceived Ease of Use  4.08 0.43 

Attitude Toward Use  3.64 0.66 

Behavioral Intention  4.00 0.52 

Note: N = 59 for all components.In Table 3, PEOU is the respondents’ most agreeable factor 

with the highest mean (M = 4.08, SD = 0.43). PU (M = 4.0, SD = 0.50) and BI (M = 4.00, SD 

= 0.52) are both in the “Agree” range, indicating respondents’ acceptance of the usefulness of 

AI tools and willingness to adopt them. However, the attitudes are more divided, with the lowest 

mean (3.64) and the highest SD (0.66) found in ATU. This may suggest translation majors’ 

possible professional or practical concerns. 

Table 4. 

The Pearson correlation matrix for the four TAM components 

Correlation pair Pearson r Strength 

PU–ATU 0.62 Moderate to strong  

ATU–BI 0.69 Strong  

PEOU–BI 0.49 Moderate  

PU–BI 0.46 Moderate  

PU–PEOU 0.27 Weak  

PEOU–ATU 0.45 Moderate  

Note: N = 59 for all correlation pairs. 

In Table 4, the correlation between ATU and BI is strong (r = 0.69), consistent with TAM, which 

posits that a positive attitude leads to a greater intention to use. PU has a moderate correlation 

with both ATU (r = 0.62) and BI (r = 0.46); PEOU also has moderate correlations with ATU (r 

= 0.45) and BI (r = 0.49). These findings are also generally consistent with the TAM theory. 

However, there is a weak correlation (r = 0.27) between PU and PEOU, suggesting that 

translation majors perceive a limited association between AI tools’ ease of use and their 

perceived usefulness in this sample. This will be further explained in the qualitative findings. 
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Figure 2.  

Regression and correlation diagram of the TAM Path Model 

 

In Figure 2, the regression Paths to Behavioral Intention can be interpreted as follows: 

• ATU → BI (β = 0.69): ATU is a strong predictor. This suggests that user attitude is the most 

powerful factor influencing intention to use AI tools. 

• PEOU → BI (β = 0.49): PEOU is a moderate predictor. Ease of use appears to contribute 

meaningfully to intention. 

• PU → BI (β = 0.46): PU is a moderate predictor. Usefulness also appears to play a role in 

intention. 

It can be seen that the strongest influence on BI is ATU, indicating its relatively central role in 

the TAM framework. PU and PEOU are important both directly to BI and indirectly through 

ATU. The weak PU–PEOU correlation reveals an interesting finding: Translation majors may 

independently assess usefulness and ease without blending them.  This is also further explained 

in the qualitative findings. 

After the intervention in the two courses, the translation majors got familiar with AI tools and 

could share a clearer view of AI tool use in practice based on the TAM as follows. 

Item 17, “In what ways have AI translation tools helped you during translation tasks? Please 

give examples for illustration.”  

For the PU, the responses showcase some main benefits of AI tools in their translation work. 

Many (33/59) got benefits from “AI-assisted translation drafting”, getting AI tools’ initial drafts 

that they later refined: “help me to find translation results”, “make a foundation for the 

translation, and then I edited it…” Many (22/59) also explored “AI-assisted vocabulary 

search”, relying on AI to refine their lexical choices and find more appropriate collocations, 

especially when dealing with nuanced or technical translations: “save me time in looking up 

vocabulary and provide multiple wording options”, “By suggesting alternative word choices …, 

which makes my translations sound more natural.” Some (11/59) believed that “AI-assisted 
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grammar and sentence structure suggestions” are useful for language and syntax revision: 

“…when I dealt with a long translated paragraph, ChatGPT provided a draft structure so my 

revision got easier”, “Google Translate supported me to analyze the sentence structure 

effectively…” In brief, these responses suggest that the translation participants considered AI 

tools as linguistic aids for addressing language issues and improving their products. 

Item 18, “How easy or difficult was it for you to start using these tools? Please give an example 

of any features/ platforms you found easy or hard to use.” 

Regarding the PEOU component, the responses indicate that most participants had no difficulty 

using AI translation tools after completing the course “Using Technology in Translation.” Many 

(54/59) shared AI tools are “easy/generally easy to use,” especially ChatGPT for its intuitive 

interface and accessibility, revealing their broad perception of low barriers to entry for most AI 

tools: “quite easy for me to start using these tools.” “Very easy, since these tools’ interfaces are 

generally intuitive and user-friendly.” Just a small number (5/59) admitted “difficult/generally 

difficult to use,” with Trados explicitly mentioned in one response due to its complexity and 

less user-friendly design: “…it can hardly detect the writing style and general context of a given 

text by itself, so I have to manually type in the instructions”, “I don’t find Trados user-friendly 

at all because of its layout and complicated set-up steps.”  The findings indicate that the 

translation majors readily adopt newer, conversational AI platforms with ease, though a few 

still need more training or support. Also, given the small number of participants reporting 

difficulty, these findings should be interpreted with caution.  

Item 19, “Have your attitudes changed before and after using AI tools in translation practice?” 

Regarding the ATU component, the participants’ responses provide various attitudes toward 

adopting AI tools in their translation practice. Many (23/59) showed “enhanced appreciation 

despite concerns” through the enhanced efficiency and AI tool use, though they somehow felt 

cautious about overreliance: “My fear is to have become more and more dependent on them… 

However, ... I am aware of their efficiency and convenience, which trigger my anxiety when I 

don't use them for translation review.” “… I had thought AI tools were not very reliable... 

However, after using them, I realized that they are quite useful in supporting my terminology 

search and generating drafts in spite of their possible imperfection…” Many (14/59) revealed 

“changed perceptions through experiences,” saying that hands-on practice made them changed 

their initial thoughts: “Wow... my AI tools can now remember to cite relevant sources to answer 

my questions, increasing the reliability in their answers”, “… my attitudes have changed … 

with more and more experience, I realized their real value lies in offering alternatives and 

supporting critical thinking…” Some (12/59) stated a “complete positive change,” reflecting a 

favorable attitude toward AI tools: “I used to think that AI was just a word-for-word tool, but 

now I see it as a helpful assistant for exploring options and improving style.” A few (10/59) 

expressed “no change in attitude,” saying that they remained indifferent: “My attitude has not 

changed much. In spite of AI tools’ usefulness and convenience, I prefer human-made 

translation or my own translation with little support from them”, “… I knew AI tools can be 

useful, but they are also limited. After use…, I remain thinking that AI is only a small support 

tool, not a thing that I should fully depend on.” These patterns suggest a range of attitudes rather 

than a uniform positive shift. The findings indicate the participants’ acceptance of AI tools in 
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their translation practice, although their perceptions appear to vary depending on personal 

experience, moving from cautious use to increasing confidence and reliance. 

Item 20. “How frequently do you plan to use AI tools in your future translation-related career?” 

Regarding to the BI component, the participants reveal that most of them (39/59) had “general 

intentions” about adopting AI tools in future translation-related careers, i.e., they are fully aware 

of the important role of AI tools in professional contexts but are still unable to visualize specific 

plans at this stage: “I will keep using AI tools to help learn and translate faster”, “Possibly, I 

come up with better commands so as to improve the translation.” However, some (16/59) stated 

their intention to use AI tools for “checking and correction,” believing in their support in 

grammar and lexical revision: “I will ask AI tools more to train themselves because they need 

to search information for better decisions”, “I will continue deal with the translation texts by 

myself and then use AI tools to suggest the vocabulary and check my outputs.”  A few (4/59) 

affirmed plans to use AI tools as “support in workflow,” indicating a high level of trust and 

routine integration of AI tools into their working process: “using AI tools as assistants to speed 

up my translation process”, “I plan to try GPT-5, mainly to see how much it can support me in 

translation tasks...” As the subgroup reporting workflow integration is relatively small, this 

finding should be interpreted cautiously. The findings show that the translation majors have 

accepted AI tools, and their future usage may depend on specific guidance and workplace 

requirements.  

Through their responses to the questions about the four TAM components. (1) PU: The 

translation majors affirmed their positive perceptions of AI tools, thanks to their help in 

generating translated drafts, looking up vocabulary, and improving language structure, etc., 

which increases productivity and improves translation quality. (2) PEOU: The majority of them 

thought that AI tools are easy to use thanks to their user-friendly and intuitive interface, 

especially ChatGPT. (3) ATU: Many of them have changed their positive attitude after hands-

on experience with AI, realizing AI tools’ effectiveness and support, but some still maintain a 

neutral or skeptical attitude with some concerns. (4) BI: Most of them expressed their general 

intention to continue using AI in their future translation careers, and just a small group already 

plans to integrate AI into in-depth workflows such as checking, correcting translations, and 

supporting productivity.  

In brief, the qualitative findings generally support the quantitative ones. The translation majors 

have actively adopted AI tools as an important part of their translation learning and practice, 

expressing high appreciation for PU and PEOU. Both the quantitative and qualitative results 

highlight some concerns about the ATU due to dependency and complexity of some AI tools, 

and indicate a positive perception of the BI (i.e., AI tools are accepted as effective assistants in 

their future translation careers), although these findings should be interpreted with 

consideration of variability in responses. 
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Research question 2: Is there any correlation between translation majors’ use of AI tools and 

their translation performance scores based on the TAM? 

Table 5. 

AI translation tools used by the translation majors 

AI Tool N Percentage 

ChatGPT 50 83,33 

Trados 32 53,33 

Google Translate 34 56,67 

Gemini 14 23,33 

DeepL 4 6,67 

OmegaT 4 6,67 

Bing 4 6,67 

Copilot 3 5,00 

Microsoft Translator 2 3,33 

Grok 2 3,33 

quill Bot 1 1,67 

memoQ 1 1,67 

Table 5 shows that ChatGPT was the most commonly used AI tool among respondents 

(83.33%). It is likely that ChatGPT has high perceived accessibility and usefulness thanks to its 

instant translation support. Google Translate (56.67%) and Trados (53.33%) were also 

commonly employed. However, Gemini (26.7%) reveals a limited adoption, likely due to its 

lower awareness or access; similarly, in spite of its strong capabilities in many other countries, 

DeepL was used by only 6.67%, which may indicate a preference for more widely known or 

locally familiar tools in this context. 

Figure 3.  

A scatterplot with trendline: “Using Technology in Translation” vs “Translation Practice” 
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Table 6. 

Pearson correlation test results 

Pearson’s r p-value  

0.230 0.0793 

The trendline in Figure 3 indicates a positive slope, revealing that as the participants’ scores in 

the AI tool-focused course increase, their scores in translation practice also tend to increase. 

This suggests a positive relationship between the two variables. However, in Table 6, the 

Pearson correlation coefficient was r = 0.23, representing a weak positive correlation between 

performance in the two courses, “Using Technology in Translation” and “Translation Practice.” 

A test using Pearson’s r yielded a p-value of 0.079, which is not statistically significant at the 

conventional alpha level of 0.05. Therefore, while there appears to be a weak positive trend and 

some association, the translation major’s success in one course does not strongly or reliably 

predict performance in the other. 

Table 7.  

Correlations between the improvement score and the four TAM components 

TAM Construct Correlation with Improvement 

Perceived Usefulness (PU) -0.019 

Perceived Ease of Use (PEOU) +0.057 

Attitude Toward Use (ATU) -0.045 

Behavioral Intention (BI) -0.068 

Total TAM Score -0.030 

In Table 7, all the correlation values are very close to 0. This indicates little to no meaningful 

relationship between the students’ performance improvement and perceptions of AI tools. 

PEOU shows a very weak positive correlation (+0.057), but it is insignificant. Negative 

correlations for PU, ATU, BI, and TAM total suggest a slight inverse relationship. However, 

given their very small magnitude, they are also too weak to be considered significant. 

Table 8. 

The Pearson correlation results based on the participants’ AI tool usage  

Subgroup Pearson’s r p-value N Interpretation 

ChatGPT users 0.129 0.3715 50 Very weak, not significant 

Non-ChatGPT users 0.702 0.0349 9 Strong, statistically significant 

Trados Users 0.178 0.3306 32 Weak, not significant 

Non-Trados users 0.309 0.1172 27 Moderate, not significant 

Gemini users 0.374 0.1874 14 Moderate, not significant 

Non-Gemini users 0.197 0.1955 45 Weak, not significant 

Google Translate users 0.195 0.2680 34 Weak, not significant 

Non-Google Translate users 0.328 0.1098 25 Moderate, not significant 

In Table 8, most correlations across the four most commonly used tools (as mentioned in Table 

5) are weak to moderate and not statistically significant, meaning that AI tool usage does not 
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show a clear or consistent link with students’ performance scores across both courses. Only one 

small subgroup (9/59) that did not use ChatGPT showed a strong and statistically significant 

correlation. However, this subgroup is very small, and therefore, this finding should be 

interpreted with caution. This may suggest a possible pattern, but it is not sufficient to draw a 

general conclusion that students who do not rely on ChatGPT tend to perform more consistently 

across translation and technology courses. 

 

Discussion  

With respect to Research Question 1, “How do PU, PEOU, and ATU influence BI toward 

translation majors’ use of AI tools?” the results show the translation majors’ overall positive 

perception of AI tool use in their practice.  

Most participants believe in AI tools’ usefulness, ease of use, and express intent to continue 

using them. The correlations generally support the TAM model: PEOU and PU influence ATU, 

which in turn affects BI. This supports the findings in Al-Hamad et al. (2021) and Al-Maroof et 

al. (2020). In their studies, PEOU and PU importantly influenced ATU of AI tools among 

students, and PU had a direct influence on students’ BI. However, unlike some previous studies 

that reported stronger or more consistent relationships, the present findings show moderate 

variations across components, suggesting that the TAM relationships may be influenced by 

contextual factors in translation education. 

In the regression Paths to Behavioral Intention, ATU impacts BI the most, highlighting ATU’s 

central role; both PU and PEOU are influential on BI, both directly and indirectly through ATU. 

This matches the findings in previous empirical studies across different fields. Nevertheless, 

the predictive strength observed in this study should be interpreted cautiously, as it is based on 

a relatively small sample and self-reported measures. However, the ATU score (M=3.64, 

SD=0.66) is less consistently positive, signaling a need to explore underlying doubts or 

contextual factors (e.g., fear of job replacement, quality concerns, and overreliance). This 

supports the views from Copeland (2024) and Ma and Liu (2004). In their studies, the ATU did 

not always play a consistent role in various contexts: many students believed in AI tools’ 

usefulness and ease of use, but showed unsure attitudes about translation quality, skill erosion, 

or overreliance; or placed professional pride above all, and had a reluctance to use AI tools for 

fear of just working as proofreaders. The qualitative findings in the current study are also well 

aligned, especially concerning skill erosion and overreliance. 

The ATU–BI correlation (r = 0.69, β = 0.69) is strong. This strongly supports the affirmation in 

Venkatesh and Davis (2000). However, rather than confirming causality, this result suggests a 

strong association between attitude and intention in this context. This also suggests 

interventions to improve attitude to better influence the participants’ BI. Playing an essential 

role, AI technology provides students with time-saving, productive tools to address language 

and cultural barriers, obtain quick translations, and prepare effectively for meeting the 

requirements of future professional work environments (Ngoc et al., 2025; Nguyen et al., 2025). 

Thus, training or reassurance of students’ attitudes toward AI tool use is essential.      

Meanwhile, the PU–PEOU link (r = 0.27) is weak. This implies the respondents’ independent 
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perceptions. That means they found AI useful regardless of its ease of use, or vice versa. This 

finding differs from some prior TAM studies in which a stronger relationship between PU and 

PEOU was observed, suggesting that, in this context, usefulness and ease of use may be 

evaluated more independently. In Al-Maroof et al. (2020), students’ experience is an influential 

predictor of PU; thus, the more experience a student has, the higher the perception he/she holds. 

Also, PEOU affects students’ motivation in AI tools. This is quite true for those in the current 

research.  

With respect to research question 2, “Is there any correlation between translation majors’ 

adoption of AI tools and their translation performance scores based on the TAM?”, the research 

shows generally low correlations. 

There exists a clear preference among translation majors for general-purpose, accessible AI 

tools, with ChatGPT, Google Translate, and Trados leading in usage. This suggests that students 

value adaptability and ease of use in academic contexts. However, this preference does not 

necessarily translate into measurable performance gains, as indicated by the weak correlations 

observed. Overall, students are integrating AI into their academic practices, but their choices 

appear to be influenced by factors such as popularity, ease of access, and perceived 

functionality. 

Some of the translation majors with higher scores in the “Using Technology in Translation” 

course tended to have slightly higher scores in the “Translation Practice” course. However, the 

correlation (r = 0.23, p = 0.079) is weak and not statistically significant. Therefore, any observed 

relationship should be interpreted cautiously and cannot be considered reliable evidence of 

performance improvement. Even among all AI tools, students who did not use AI tools, 

especially ChatGPT, tended to show stronger or more consistent performance across both 

translation-related courses, with a statistically meaningful strong correlation (r = 0.702, p = 

0.035). However, the sample sizes are limited in some subgroups (especially non-users) in Table 

8, so the differences should be interpreted with caution and cannot be generalized. 

Numerous studies have shown strong links among PU, PEOU, and BI (and sometimes ATU) 

across various adoption contexts; however, the extension of these components to learning 

performance outcomes (i.e., improvements in translation scores) is less direct. Compared with 

prior studies that mainly focus on perception and intention, the current study extends the 

analysis by incorporating performance data, although the results suggest only weak or 

negligible relationships. For example, some recent TAM-based studies on translation 

technology adoption found that students’ self-confidence and enjoyment were related to 

improved academic performance, but these findings were not clearly connected to improved 

academic performance (Al-Maroof et al., 2020; Li et al., 2024). Thus, in the current study, we 

tried to explore this relationship and discovered that the near-zero correlation values between 

the translation scores and the four TAM components (PU = –0.019; PEOU = +0.057; ATU = –

0.045; BI = –0.068) (Table 7) indicate that students’ perceptions of AI-translation tools seem 

unrelated meaningfully to their translation performance. The weak positive correlation for 

PEOU (+0.057) might imply a very slight tendency for those who find AI tools easier to use to 

improve somewhat, but the effect is so small as to be negligible.  
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In addition, it might reflect that PEOU encourages their engagement, but without using AI tools 

to improve their translation performance, the effect remains minimal. The translation majors’ 

performance may be influenced more strongly by other internal and external factors, such as 

language proficiency, instruction quality, or practice time, than by their general perceptions of 

AI-tool usefulness or ease of use. This suggests that TAM-based perceptions alone may not be 

sufficient to explain learning outcomes in translation education. Interestingly, these findings 

may suggest that there is no connection between students’ perceptions of AI tools and their 

practical use of such tools for translation learning. However, this conclusion should be treated 

cautiously, as the relationship may be indirect or influenced by other variables not examined in 

this study. The students’ integration with or belief in the usefulness of AI translation tools may 

not be sufficient to yield observable improvements in their performance scores, and more effort 

and training are essential. 

 

Conclusion  

Summary of the major findings  

For Research Question 1, both quantitative and qualitative findings across the four TAM 

components indicate that translation majors generally have a positive perception of AI 

translation tools. PEOU had the highest mean score, focusing on AI tools’ accessibility and 

user-friendliness, with few barriers to adoption. PU also received a high score for participants’ 

acceptance of the benefits of AI tools in translation tasks, e.g., generating drafts, suggesting 

terms and terminology, and correcting grammatical issues, which they perceived as potentially 

supporting productivity and translation quality. Whereas ATU had the lowest mean score with 

greater variation, along with cautious concerns about over-reliance and ethical issues. However, 

the translation majors reported positive changes in attitude after engaging in translation practice 

with AI tools. Consistent with previous studies, BI was strong in this study, with most students 

intending to adopt AI tools in their future translation careers, and some had specific plans for 

integrating AI tools into their workflows. Further, the regression and correlation analyses 

indicated that the strongest predictor of future use is ATU (β = 0.69), with PEOU and PU 

following. However, this predictive relationship should be interpreted as an association rather 

than a causal effect. Specifically, the PU-PEOU correlation (r = 0.27) is quite weak, showing 

that translation majors’ evaluation of an AI tool’s usefulness is relatively independent from that 

of its ease of use. In brief, the results suggest an increasing acceptance of AI tools among 

students in translation practice. This appears to be associated with perceived utility and usability 

while individual attitudes were also strongly associated with BI. 

For Research Question 2, the findings indicate that, in this study, AI tools, particularly 

ChatGPT, Google Translate, and Trados, are widely used by translation majors. However, the 

usage does not indicate a strong or statistically significant correlation with the translation 

performance as measured by the scores in the two courses, “Using Technology in Translation” 

and Translation Practice”. It is evident that there was a weak positive trend between 

performance in the two courses, but this relationship is not statistically significant or predictive 

(Pearson’s r = 0.23, p = 0.079). The analysis of the four TAM components also showed very 
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weak or near-zero correlations with the students’ translation scores, and even some components 

had lightly negative associations. Surprisingly, a small group of participants without reliance 

on ChatGPT showed statistically significant performance correlations. However, given the very 

small subgroup size, this finding should be interpreted with caution and cannot be generalized. 

This may suggest that foundational translation knowledge and skills are more closely associated 

with academic success than with technology adoption. In short, translation majors perceive AI 

tools as useful and accessible in their practice, but AI tool adoption alone should not be 

interpreted as assurance of enhanced translation outcomes.  

Pedagogical implications 

The research results suggest that the translation majors’ high PEOU of AI tools can be 

developed more under teachers’ scaffolding. In fact, teachers can design scaffolded activities 

such as guided demonstrations, step-by-step tool practice, and reflective tasks to help students 

feel comfortable and confident before any independent use (Ngoc et al., 2025; Wang et al., 

2024). To enhance their PU, teachers should run activities that clearly demonstrate the practical 

benefits of AI tools, such as efficiency gains, improved access to vocabulary, and syntactic 

support, thereby encouraging students’ active adoption (Al-Maroof et al., 2020). For example, 

tasks comparing AI-assisted and non-AI translations can help students evaluate the usefulness 

more critically. Teachers should embed structured reflection and discussion on the ethical, 

professional, and strategic implications of AI in translation, which may enhance students’ more 

positive and critical ATU, the strongest predictor of their BI. This can be implemented through 

classroom discussions, case analyses, or peer-review activities focusing on over-reliance and 

translation quality. They should provide activities that combine academic translation practice 

with a professional environment that helps simulate real translation workflows with AI 

assistance (Zhang & Doherty, 2025). This may help students better distinguish PEOU from PU 

factors to learn that an AI tool might be easy to use but have low values or vice-versa, then they 

can be better prepared and ready to flexibly integrate AI tools in their future translation careers 

(Li et al., 2024). 

AI tool adoption alone was not strongly associated with higher course performance scores. 

Thus, teachers should focus on providing foundational knowledge and translation skills and not 

simply encourage students to rely on AI tools. In practice, this may involve balancing AI-

assisted tasks with independent translation exercises to strengthen core competencies. Teachers 

should train students in the strategic use of AI tools to develop critical evaluation and editing 

skills, as recommended in recent research on AI tools (Ngoc et al., 2025), and implement 

tailored training and develop resources to ensure the long-term adoption of AI in translation 

education (Zhang & Doherty, 2025) 

The limited sample size (n = 59) may affect the statistical analysis, making it difficult to detect 

significant relationships between AI tool adoption and translation performance. In addition, 

with a homogenous sample from a Vietnamese university, this study may limit its 

generalizability to those under different training norms or cultural contexts. Accordingly, 

further studies should be conducted with more diverse samples and longitudinal surveys to 

examine how AI tool adoption is associated with students’ translation performance scores over 

time in academic settings. 
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