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Abstract
The integration of technology in education has significantly transformed traditional teaching and learning
paradigms, especially in the realm of language education. This study focuses on the role of generative
artificial intelligence (AI) tools, such as ChatGPT, as innovative resources that enhance language learning
through features like instant feedback, conversational practice, and personalized learning paths. Specifically,
this research investigates the factors influencing the adoption of generative AI, particularly ChatGPT, among
pre-service English as a Foreign Language (EFL) teachers in Indonesia. Utilizing the Technology Acceptance
Model (TAM), the study examines perceptions of usefulness, ease of use, and other critical determinants
affecting the acceptance of generative AI tools in language learning environments. A quantitative approach
was employed, gathering data from 785 pre-service EFL teachers across three Indonesian universities through an
online survey distributed via university platforms and social media. A structured questionnaire was developed
based on TAM constructs and relevant literature. Data analysis was conducted using Partial Least Squares
Structural Equation Modeling (PLS-SEM) with SmartPLS 4 software. The findings revealed that nine out
of the thirteen initial hypotheses received empirical support, highlighting the significance of various factors in
the adoption of generative AI among pre-service EFL teachers. Notably, the intention to use generative AI
emerged as a robust predictor of actual usage behavior, supporting existing literature on technology adoption
and emphasizing the importance of learners’ intentions in engaging with new technologies.

Keywords: English as a Foreign Language. English language learning. Generative artificial intelligence. Pre-
service EFL teachers.

Resumo
A integração da tecnologia na educação tem transformado os paradigmas tradicionais de ensino, especialmente
no aprendizado de línguas. Este estudo tem como foco o papel das ferramentas de inteligência artificial
(IA) generativa, como o ChatGPT, enquanto recursos inovadores que facilitam a aprendizagem de línguas,
oferecendo feedback instantâneo, prática de conversação e caminhos personalizados. Esta pesquisa investiga
os fatores que influenciam o uso da IA generativa, em particular o ChatGPT, entre professores de Inglês
como Língua Estrangeira (English as a Foreign Language – EFL) em formação na Indonésia. Utilizando o
Modelo de Aceitação de Tecnologia (Technology Acceptance Model – TAM), o estudo explora percepções
de utilidade, facilidade de uso e outros determinantes críticos que afetam a aceitação dessas ferramentas em
ambientes de aprendizado de línguas. Foi adotada uma abordagem quantitativa, coletando dados de 785
futuros professores de EFL em três universidades indonésias por meio de uma pesquisa online distribuída via
plataformas universitárias e redes sociais. Um questionário estruturado, baseado nos construtos do TAM e na
literatura relevante, foi desenvolvido. A análise dos dados foi realizada por meio da Modelagem de Equações
Estruturais por Mínimos Quadrados Parciais (Partial Least Squares Structural Equation Modeling – PLS-SEM)
com o software SmartPLS 4. Os resultados mostraram que nove das treze hipóteses iniciais receberam suporte
empírico, destacando a importância de vários fatores na adoção da IA generativa entre futuros professores de
EFL. A intenção de usar a IA emergiu como um forte preditor do comportamento de uso real, corroborando
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a literatura existente sobre emprego de tecnologia e reforçando a relevância das intenções dos aprendizes ao
se engajarem com novas tecnologias.

Palavras-chave: Inglês como Língua Estrangeira. Aprendizagem da língua inglesa. Inteligência artificial
generativa. Futuros professores de EFL.

1 Introduction
The rapid advancement of technology has fundamentally transformed educational paradigms, partic-
ularly in language learning settings. The integration of digital tools has shifted traditional methods of
teaching, enabling more interactive and personalized learning experiences. Among these innovations,
generative artificial intelligence (AI) tools, such as ChatGPT, have emerged as valuable resources
that facilitate language acquisition by providing instant feedback and opportunities for conversational
practice (Guettala et al., 2024). By facilitating real-time interactions that closely resemble authentic
language use, these tools can significantly enhance the effectiveness of the language learning process
(Huang; Peng; Teo, 2025; Nagy et al., 2024).

Generative AI creates original content, like text and images, by learning patterns from extensive
datasets, distinguishing it from traditional AI that primarily analyzes or classifies information. Notable
AI tools, such as ChatGPT, Microsoft Copilot, and Google Gemini, leverage Large Language Models
(LLMs) to produce human-like responses and various data forms (Crompton; Burke, 2023). Generative
AI offers unique advantages in language learning, including tailored feedback and adaptive learning
pathways. These tools can engage learners in meaningful conversations, thereby enhancing their
linguistic skills in real-time. Previous research has shown that the use of AI in education promotes
a more dynamic learning environment, fostering both motivation and engagement among learners
(Vy; Vinh, 2025). As educators increasingly turn to such technologies, understanding the factors that
influence their acceptance becomes crucial (Liu; Ma, 2024).

The integration of generative AI in language learning has garnered significant attention in recent
years, particularly as educational institutions seek innovative methods to enhance teaching and learning
experiences (Moorhouse et al., 2024). Current literature demonstrates a growing interest in how AI
technologies can facilitate language acquisition by providing personalized learning experiences and
fostering engagement among students (Lee; Davis; Lee, 2024; Zhai; Wibowo, 2023). However, most
studies focus primarily on the outcomes of AI integration rather than the determinants that influence
user acceptance and implementation. This gap is particularly pronounced in the context of pre-
service teachers, who represent the future of language education but may face unique challenges and
perceptions regarding the adoption of such technologies (Pinninti, 2025).

This study seeks to explore the determinants influencing the adoption of generative AI in language
learning among pre-service English as a Foreign Language (EFL) teachers in Indonesia. By applying
the Technology Acceptance Model 2 (TAM2), this research aims to elucidate how perceptions of
usefulness, ease of use, and other critical factors shape the acceptance of these advanced tools within
the educational context. The Technology Acceptance Model serves as a foundational framework for
examining user acceptance of technology (Venkatesh; Davis, 2000). According to Davis (1989), per-
ceived usefulness and perceived ease of use are the two primary constructs that significantly influence
an individual’s decision to adopt new technologies. In the context of language learning, understand-
ing these perceptions can provide insights into how pre-service EFL teachers view the integration of
generative AI tools in their future classrooms. This study aims to explore these constructs in detail,
highlighting their relevance to the acceptance of AI in educational settings.

This article seeks to address this research gap by exploring the specific determinants that affect the
use of generative AI tools among pre-service EFL teachers in Indonesia. By employing a framework
based on the TAM2, the research will investigate factors such as computer self-efficacy, motivation,
and facilitating conditions within this unique educational context. The novelty of this study lies in its
focus on a demographic that has been underrepresented in existing AI research, thereby contributing
valuable insights into how these future educators can effectively harness AI tools in their teaching
practices. Ultimately, this research aims not only to fill a crucial gap in the literature but also to
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inform policy and practice in language education, paving the way for more effective integration of AI
technologies in EFL classrooms.

2 Literature review
2.1 Generative AI Integration in English Language Learning

The integration of AI in education has been the subject of extensive research, highlighting its potential
to transform language learning through personalized and adaptive learning experiences. Previous
studies have demonstrated that generative AI can provide tailored feedback, facilitate conversational
practice, and create adaptive learning paths that adjust to individual learners’ needs (Tafazoli, 2024).
This adaptability not only helps learners progress at their own pace but also addresses their specific
strengths and weaknesses, making the learning experience more efficient and effective.

Generative AI refers to a category of AI that produces original content, including text, images,
video, audio, and code, by identifying patterns and structures within large datasets. Unlike traditional
AI, which primarily focuses on analysis and classification, GenAI is centered on content generation.
Prominent examples of generative AI tools, such as ChatGPT, Microsoft Copilot, and Google Gemini,
utilize LLMs to generate human-like responses and various data formats (Crompton; Burke, 2023).
Moreover, the use of AI tools fosters a more engaging and interactive environment for language
learners. By simulating real-life conversations and providing immersive scenarios, these tools encourage
learners to practice speaking and comprehension in a safe space. This interactive approach can
boost learners’ confidence, reduce anxiety associated with language use, and promote a more positive
attitude toward language acquisition (Huang; Peng; Teo, 2025). As educators continue to explore the
integration of AI in their curricula, the potential for enhanced language learning outcomes becomes
increasingly evident.

The use of technology in education has been a focal point of research for decades, fundamentally
altering how teaching and learning occur. This transformation has accelerated with the advent of
generative AI, which offers novel ways to enhance educational outcomes. Generative AI, particularly
tools like ChatGPT, provides dynamic interactions that can support language learning by simulating
real-life conversations and offering immediate feedback (Wang; Du; Zou, 2025). Such capabilities are
essential for language learners who require practice and reinforcement outside traditional classroom
settings (Chugai; Lytovchenko; Synekop, 2025).

Research indicates that generative AI can play a significant role in personalized learning experi-
ences. According to Sumakul (2025), AI can analyze individual learner profiles and adapt content to
meet their specific needs. This personalization is particularly beneficial in language learning, where
learners often have varying levels of proficiency and different learning styles. By leveraging AI, educa-
tors can create tailored learning pathways that enhance engagement and effectiveness, thus improving
language acquisition outcomes (Giray et al., 2025).

In the context of Indonesia, the integration of technology in language education faces unique
challenges. While there is a growing interest in adopting AI tools, many educators report concerns
about their technical skills and the adequacy of training provided (Sari; Sulistyo, 2022). Research
highlights that insufficient professional development can hinder the effective use of technology in the
classroom (Doğru; Özen, 2023). Therefore, understanding the perceptions of pre-service EFL teachers
regarding generative AI tools is critical to overcoming these barriers and facilitating their acceptance.

Moreover, the role of cultural and contextual factors cannot be overlooked when examining tech-
nology adoption. As highlighted by Aldosari (2020), educators’ beliefs and attitudes toward technology
are often shaped by their cultural backgrounds and educational experiences. In Indonesia, where tra-
ditional teaching methods are prevalent, the transition to technology-enhanced learning may require
significant shifts in mindset. This study aims to explore how these cultural factors interact with per-
ceptions of usefulness and ease of use to influence the acceptance of generative AI among pre-service
teachers.

The existing literature also emphasizes the importance of feedback in language learning, a core
feature of generative AI tools. Research by Ali et al. (2024) reveals that timely and specific feedback
significantly enhances student learning. Generative AI can provide instant feedback, allowing learners
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to correct mistakes and reinforce their understanding in real-time (Zhang; Cao, 2022). This capability
makes AI tools particularly valuable in language learning, where immediate corrective feedback can
lead to improved proficiency.

Generative AI holds promise for enhancing language learning through personalized experiences and
immediate feedback. However, the acceptance of these technologies by pre-service EFL teachers is
influenced by various factors, including perceived usefulness, ease of use, cultural context, and the
availability of professional training. By applying the TAM framework, this study will contribute to a
deeper understanding of these dynamics, ultimately informing strategies for the effective integration
of AI in language education.

2.2 Technology Acceptance Research
The Technology Acceptance Model (TAM) serves as an effective framework for understanding user ac-
ceptance of technology, emphasizing two primary constructs: perceived usefulness and perceived ease
of use (Davis, 1989). Its widespread use is attributed to its straightforward application in structural
equation modeling and its capability to account for variations in actual technology use or intentions
to use technology (Sulistiyo et al., 2022). Research indicates that these factors significantly influence
educators’ willingness to adopt new technologies. This study will build upon existing literature to ex-
amine how these constructs apply specifically to the context of pre-service EFL teachers in Indonesia.

TAM has been widely utilized to understand the factors influencing the adoption of new technolo-
gies in education. As proposed by Davis (1989), perceived usefulness and perceived ease of use are
critical determinants of technology acceptance. Previous studies have confirmed the applicability of
TAM in various educational contexts, including language learning (Teo et al., 2010). Understanding
these constructs is essential for identifying how pre-service EFL teachers perceive generative AI tools
and their potential impact on language instruction.

In various educational settings, the original TAM has been expanded to incorporate additional
factors such as self-efficacy, motivation, and perceived enjoyment as external variables (Venkatesh;
Davis, 2000). Alfadda and Mahdi (2021) conducted a study to examine the relationship between
TAM and the use of the application for language learning. The study involved 75 students enrolled
in an online course during the COVID-19 pandemic. The findings indicated a strong positive corre-
lation between students’ actual use of the application and their attitudes and behavioral intentions.
Furthermore, a positive correlation was also identified between computer self-efficacy and other TAM
variables.

Empirical studies have shown that perceived usefulness significantly affects educators’ willingness
to adopt AI technologies. For instance, a study by Alfadda and Mahdi (2021) found that teachers who
perceived AI tools as beneficial for enhancing student engagement and learning outcomes were more
likely to integrate these technologies into their teaching practices. Similarly, perceived ease of use has
been identified as a crucial factor; when educators believe that a technology is user-friendly, they are
more inclined to utilize it (Huang; Peng; Teo, 2025). These findings underscore the importance of
addressing both constructs to foster a supportive environment for technology adoption.

2.3 Research Model and Hypotheses
The research model underpinning this study is illustrated in Figure 1, which outlines eight key con-
structs: computer self-efficacy, motivation, subjective norm, facilitating conditions, perceived useful-
ness, perceived ease of use, intention to use, and actual use behavior regarding generative AI tools
in English language learning among pre-service teachers in Indonesia’s EFL context. This model is
grounded in the TAM2 proposed by Venkatesh and Davis (2000), which is widely recognized for its
effectiveness in predicting user acceptance of new technologies. Each construct plays a vital role in
understanding the factors that influence pre-service teachers’ willingness to adopt generative AI for
learning English.

The hypotheses formulated from this model will explore the relationships between these constructs,
positing that higher levels of computer self-efficacy and motivation will enhance perceived usefulness
and ease of use, subsequently leading to a greater intention to use and, ultimately, increased actual
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Figure 1. Proposed Research Model.
Source: Own elaboration.

usage of generative AI tools. By testing these hypotheses, the study aims to provide a comprehensive
framework for understanding user acceptance in the context of innovative educational technologies
(Table 1).

Table 1. Research Hypotheses.

No. Hypothesis

H1 Computer Self-Efficacy (CSE) will significantly influence Intention to Use (IU).
H2 Computer Self-Efficacy (CSE) will significantly influence Perceived Usefulness (PU).
H3 Computer Self-Efficacy (CSE) will significantly influence Perceived Ease of Use (PEoU).
H4 Motivation (Mot) will significantly influence Perceived Usefulness (PU).
H5 Motivation (Mot) will significantly influence Perceived Ease of Use (PEoU).
H6 Subjective Norm (SN) will significantly influence Perceived Usefulness (PU).
H7 Subjective Norm (SN) will significantly influence Perceived Ease of Use (PEoU).
H8 Facilitating Conditions (FC) will significantly influence Perceived Usefulness (PU).
H9 Facilitating Conditions (FC) will significantly influence Perceived Ease of Use (PEoU).
H10 Perceived Ease of Use (PEoU) will significantly influence Perceived Usefulness (PU).
H11 Perceived Usefulness (PU) will significantly influence Intention to Use (IU).
H12 Perceived Ease of Use (PEoU) will significantly influence Intention to Use (IU).
H13 Intention to Use (IU) will significantly influence Use Behavior (UB).

Source: Own elaboration.

3 Methodology
3.1 Research Design

This study employed a quantitative methodology, utilizing a survey design to collect data from a
sample of 785 pre-service EFL teachers across three universities in Indonesia. An online survey was
distributed through university platforms and social media to maximize participation. The question-
naire was developed based on constructs from the TAM2 and relevant literature, evaluating factors
such as perceived usefulness, perceived ease of use, and intention to use toward generative AI. Data
analysis was conducted using Partial Least Squares Structural Equation Modeling (PLS-SEM) with
SmartPLS 4 software to explore relationships among variables and identify key predictors of gen-
erative AI acceptance. PLS-SEM is a causal-predictive SEM technique that focuses on generating
structural predictions through statistical models. It is preferable to traditional covariance-based SEM
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(CBSEM) for estimating our model, as it effectively manages issues related to sample sizes, multivari-
ate normality, model complexity, measurement levels, and uncertain variables (Hair; Howard; Nitzl,
2020).

3.2 Respondents
This study included 785 pre-service EFL teachers from three universities in Indonesia. The participants
consisted of first- to fourth-year students enrolled in 2025, all of whom are majoring in English language
education. To recruit respondents, a hyperlink was distributed via social media tools such as WhatsApp
and Email to pre-service EFL teachers from three universities in Indonesia. These student teachers
have formally studied English for three years at the secondary school level and three additional years
at the high school level, and they continue to engage with English courses and receive instruction in
English. Table 2 provides a detailed analysis of the participants’ demographic information, as well as
data regarding gender, engagement in the use of AI activities, and relevant experiences. This research
was conducted under the authority of the Research and Community Service Institute, University of
Jambi. All of the respondents voluntarily agreed to take part after understanding the study’s purpose
and procedures.

Table 2. Demographic Information of Respon-
dents.

Variable Number Percentage

Gender
Male 125 15.92%
Female 660 84.08%

Class Enrollment
1st-year students 205 26.11%
2nd-year students 227 28.92%
3rd-year students 198 25.22%
4th-year students 155 19.75%

Device Ownership
Laptop 682 86.88%
Smartphone 785 100.00%

Experience of Using AI
0–1 year 182 23.18%
1–2 years 517 65.86%
>2 years 86 10.96%

Source: Own elaboration.

3.3 Instrumentation
To examine the factors influencing AI acceptance and readiness in the context of foreign language
learning, we utilized a multiple-item questionnaire. The questionnaire was designed based on con-
structs from TAM2 and previous relevant studies. The first section of the questionnaire gathered
demographic information, including gender, years of enrollment, device ownership, and experience
of using AI. The second section comprised eight variables derived from the TAM: Computer Self-
Efficacy (five items), Motivation (four items), Subjective Norm (three items), Facilitating Conditions
(four items), Perceived Ease of Use (five items), Perceived Usefulness (eight items), Intention to
Use (four items), and Use Behavior (four items). Table 3 presents the detailed variables and items
included in the questionnaire. Each item was measured using a four-point Likert scale, ranging from
1 (strongly disagree) to 4 (strongly agree).

The instrument was first evaluated by two experts to test the content validity. Before distributing
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the instrument to the respondents, the researcher performed a pilot study with 25 students in the
population. The pilot study was performed to evaluate research instruments and guarantee that
everyone in the research sample understood the questionnaire items. Completing the questionnaire
took around 5–7 minutes, and students were informed about the aim of the questionnaire and how
their data would be used.

Table 3. Items of the Questionnaire.

Construct Items

Computer Self-Efficacy I have knowledge of using AI for general purposes such as creating content
in the form of text/audio/images.
I have skills in using AI for general purposes such as creating content in the
form of text/audio/images.
I have knowledge of using AI specifically for English language learning, such
as opening AI applications and entering prompts/commands to generate ap-
propriate responses.
I have skills in using AI specifically for English language learning, such as
using and transforming content, summarizing, translating, paraphrasing, op-
timizing prompts/commands, correcting grammar, etc.
I feel confident in using AI specifically for English language learning, such
as using and transforming content, summarizing, translating, paraphrasing,
optimizing prompts/commands, correcting grammar, etc.

Motivation I use AI in English language learning because it can enhance my English
skills.
I use AI in English language learning because it can help improve my aca-
demic performance.
I use AI in English language learning because my peers also use AI to study
English.
I use AI in English language learning because it is required by my instructor.

Subjective Norm My friends believe that I should use AI in English language learning.
Faculty members have assisted in utilizing AI for English language learning.
Overall, the university has supported the use of AI in English language
learning.

Facilitating Conditions I have a laptop/smartphone that can be used for AI in English language
learning.
I have access to a stable and dependable internet connection that supports
the use of AI in English language learning.
I possess the necessary knowledge to use AI in English language learning.
I have the necessary skills to use AI in English language learning.

Perceived Ease of Use It is easy for me to utilize AI in general.
It is easy for me to utilize AI in English language learning.
It is easy for me to become skilled at using AI for English language learning.
It is easy for me to use AI to search for and help understand English language
learning.
Overall, I find the use of AI for English language learning is both easy to
access and simple to use.
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Table 3 (continued)

Construct Items

Perceived Usefulness By using AI, I can learn English quickly.
The use of AI improves my listening skill.
The use of AI improves my reading skill.
The use of AI improves my speaking skill.
The use of AI improves my writing skill.
The use of AI makes me learn English effectively.
The use of AI makes it easier for me to understand English learning.
Overall, the use of AI is very useful and beneficial for learning English.

Intention to Use I am interested in using AI for English language learning.
I feel that adopting AI for English language learning is useful.
The use of AI is suitable for English language learning.
The use of AI for English language learning is a positive thing.

Use Behavior I use AI for English language learning on campus and at home.
I use AI for English language learning regularly every day.
I feel satisfied learning English using AI.
Overall, I always utilize AI to study English.

Source: Own elaboration.

3.4 Data Analysis
To analyze the data, we employed the Partial Least Squares Structural Equation Modeling (PLS-
SEM) approach, which involves first testing the measurement model and subsequently the structural
model. PLS-SEM allows researchers to estimate complex models comprising numerous constructs,
indicator variables, and structural paths without imposing distributional assumptions on the data
(Hair; Risher, et al., 2019). All statistical analyses were performed using SmartPLS 4, with the
minimum likelihood method utilized for parameter estimation. Additionally, PLS-SEM represents a
causal-predictive approach to structural equation modeling, focusing on prediction while constructing
statistical models designed to offer causal explanations (Hair; Howard; Nitzl, 2020).

PLS-SEM was conducted to investigate the determinants influencing the use of AI for English
language learning. The initial step in evaluating the PLS-SEM results involves assessing the mea-
surement models, where each construct was analyzed against the relevant minimum criteria. If the
measurement models satisfy all necessary conditions, researchers proceed to evaluate the structural
model. PLS-SEM was utilized to test the hypotheses with a significance level of 0.05. Prior to hy-
pothesis testing, validity (Average Variance Extracted, AVE > 0.05) and reliability (Cronbach’s alpha
> 0.70) assessments were performed to ensure compliance with PLS-SEM analytical requirements.
Furthermore, the researchers examined the factor loading values for each item within the constructs
to confirm that they exceeded the threshold of 0.70 (Hair; Hult, et al., 2021).

4 Results
4.1 Descriptive Statistics

The anticipated results will provide a comprehensive understanding of the factors that influence the
use of generative AI tools in language learning among pre-service EFL teachers. By analyzing the data
through PLS-SEM, the study aims to reveal significant relationships between perceived usefulness, ease
of use, and the overall acceptance of generative AI. Additionally, the findings may uncover demographic
variations in perceptions and adoption trends, thereby enriching the discourse on technology-enhanced
language learning.

We analyzed the descriptive statistics for each item, which are presented in Table 4. The mean
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scores exceeded the midpoint of 2.00 on the scale, indicating predominantly positive responses to
the constructs of the models. The shape of a normal distribution is characterized by its mean and
standard deviation. The standard deviation serves as a statistic that reflects how closely the data
samples cluster around the mean, effectively measuring the dispersion of scores within the dataset.
When the standard deviation falls within one standard deviation of the mean (ranging from |-1| to
|1|), it suggests a normal distribution. An examination of the skewness and kurtosis revealed values
within the range of |-1| and |1|, confirming that the data is normally distributed.

Table 4. Descriptive Statistics.

Construct Mean Median Scale
Min

Scale
Max

Standard
Devia-
tion

Excess
Kurto-
sis

Skewness Cramér–
von
Mises
p-value

CSE1 3.404 3.000 1.000 4.000 0.639 0.391 -0.779 0.000
CSE2 3.186 3.000 1.000 4.000 0.615 0.973 -0.465 0.000
CSE3 3.273 3.000 1.000 4.000 0.597 -0.002 -0.292 0.000
CSE4 3.261 3.000 1.000 4.000 0.588 -0.123 -0.211 0.000
CSE5 3.065 3.000 1.000 4.000 0.729 -0.196 -0.397 0.000
Mot1 3.038 3.000 1.000 4.000 0.734 -0.514 -0.273 0.000
Mot2 3.134 3.000 1.000 4.000 0.689 0.049 -0.439 0.000
Mot3 3.248 3.000 1.000 4.000 0.711 0.477 -0.741 0.000
Mot4 3.113 3.000 1.000 4.000 0.758 -0.268 -0.491 0.000
PE1 3.192 3.000 1.000 4.000 0.648 0.632 -0.520 0.000
PE2 3.285 3.000 1.000 4.000 0.602 0.142 -0.360 0.000
PE3 3.269 3.000 2.000 4.000 0.549 -0.452 0.040 0.000
PE4 3.307 3.000 2.000 4.000 0.549 -0.621 -0.000 0.000
SN1 3.296 3.000 1.000 4.000 0.599 0.346 -0.403 0.000
SN2 3.177 3.000 1.000 4.000 0.664 0.404 -0.502 0.000
SN3 3.215 3.000 1.000 4.000 0.635 0.034 -0.365 0.000
FC1 3.231 3.000 1.000 4.000 0.636 0.443 -0.477 0.000
FC2 3.099 3.000 1.000 4.000 0.656 0.396 -0.404 0.000
FC3 3.005 3.000 1.000 4.000 0.675 0.690 -0.503 0.000
FC4 3.046 3.000 1.000 4.000 0.639 0.960 -0.481 0.000
PEoU1 3.303 3.000 1.000 4.000 0.546 -0.331 -0.020 0.000
PEoU2 3.126 3.000 1.000 4.000 0.598 0.307 -0.195 0.000
PEoU3 3.143 3.000 1.000 4.000 0.618 0.343 -0.295 0.000
PEoU4 3.089 3.000 1.000 4.000 0.684 -0.043 -0.354 0.000
PEoU5 3.041 3.000 1.000 4.000 0.698 0.593 -0.551 0.000
PU1 3.085 3.000 1.000 4.000 0.626 0.822 -0.407 0.000
PU2 3.211 3.000 1.000 4.000 0.649 1.385 -0.715 0.000
PU3 3.354 3.000 1.000 4.000 0.564 -0.220 -0.242 0.000
PU4 3.260 3.000 1.000 4.000 0.617 1.003 -0.559 0.000
PU5 3.259 3.000 2.000 4.000 0.530 -0.379 0.157 0.000
PU6 3.176 3.000 1.000 4.000 0.571 0.582 -0.173 0.000

Continued on next page
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Construct Mean Median Scale
Min

Scale
Max

Standard
Devia-
tion

Excess
Kurto-
sis

Skewness Cramér–
von
Mises
p-value

PU7 3.236 3.000 2.000 4.000 0.555 -0.323 0.030 0.000
PU8 3.223 3.000 1.000 4.000 0.573 1.085 -0.327 0.000
IU1 3.150 3.000 1.000 4.000 0.591 0.369 -0.200 0.000
IU2 3.201 3.000 1.000 4.000 0.606 0.326 -0.301 0.000
IU3 3.250 3.000 1.000 4.000 0.566 0.038 -0.115 0.000
IU4 3.239 3.000 1.000 4.000 0.565 0.736 -0.234 0.000
UB1 3.204 3.000 2.000 4.000 0.516 0.012 0.235 0.000
UB2 3.143 3.000 1.000 4.000 0.608 0.184 -0.218 0.000
UB3 3.183 3.000 2.000 4.000 0.597 -0.389 -0.088 0.000
UB4 3.154 3.000 1.000 4.000 0.653 0.301 -0.415 0.000

Source: Own elaboration.

4.2 Factor Analysis
Figure 2 illustrates the factor analysis results. Convergent validity was established through two key
procedures: factor loadings and average variance extracted (AVE). Convergent validity was evaluated
by examining the factor loadings of items onto their respective underlying constructs. All factor
loadings exceeded the threshold of 0.50 (Hair; Risher, et al., 2019), indicating acceptable convergent
validity at the item level. At the construct level, AVE is commonly used as an indicator of convergent
validity. The AVE values are also acceptable, each exceeding the threshold of 0.50. The factor loadings
for each item were greater than 0.50, and the AVE values were likewise above 0.50, confirming the
validity of all items.

Figure 2. Factor Analysis.
Source: Own elaboration.

4.3 Evaluation of the Measurement Model
A confirmatory factor analysis (CFA) was conducted to assess the measurement model with uncorre-
lated errors. Higher values in this analysis generally reflect greater levels of reliability and validity. The
reliability of the data was established using several metrics: Cronbach’s Alpha (considered adequate if
equal to or exceeding 0.70), rho_A (> 0.70), Composite Reliability (> 0.70), and Average Variance
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Extracted (AVE) for evaluating convergent validity. An acceptable AVE is 0.50 or higher, indicating
that the construct accounts for at least 50 percent of the variance in its items (Hair; Howard; Nitzl,
2020). Additionally, standardized estimates of the items were also examined. The values for Cron-
bach’s alpha, rho_A, Composite Reliability, and AVE for the constructs fell within acceptable ranges,
as detailed in Table 5.

Table 5. Construct Validity and Reliability.

Construct Cronbach’s α Composite
Reliability
(ρa)

Composite
Reliability
(ρc)

Average
Variance
Extracted
(AVE)

CSE 0.761 0.769 0.836 0.506
FC 0.799 0.818 0.870 0.629
IU 0.769 0.784 0.851 0.588
Mot 0.793 0.804 0.865 0.616
PEoU 0.813 0.821 0.871 0.575
PU 0.876 0.879 0.902 0.537
SN 0.741 0.744 0.885 0.794

Source: Own elaboration.

The subsequent step involved assessing discriminant validity, which evaluates the degree to which
a construct is empirically distinct from other constructs within the structural model. Discriminant
validity was determined using the Fornell-Larcker Criterion, which requires that each construct’s Aver-
age Variance Extracted (AVE) be compared to the squared inter-construct correlations (a measure of
shared variance) between that construct and all other reflectively measured constructs in the model.
The shared variance among all model constructs should not exceed their respective AVEs, as illustrated
in Table 6.

Table 6. Discriminant Validity – Fornell–Larcker Criterion.

CSE FC IU Mot PEoU PU SN UB

CSE 0.711 – – – – – – –
FC 0.419 0.793 – – – – – –
IU 0.108 0.089 0.767 – – – – –
Mot 0.550 0.509 0.082 0.785 – – – –
PEoU 0.451 0.626 0.215 0.369 0.758 – – –
PU 0.507 0.422 0.148 0.506 0.580 0.733 – –
SN 0.452 0.481 0.069 0.557 0.383 0.537 0.891 –
UB 0.155 0.067 0.604 0.148 0.093 0.228 0.168 0.798

Source: Own elaboration.

Table 7 presents the goodness-of-fit indices for the model. Several indices were utilized to evaluate
the fit of the measurement model, including the standardized root mean residual (SRMR), with a value
of 0.08 considered optimal (Hu; Bentler, 1999). The SRMR quantifies the divergence between the
observed and estimated covariance matrices in PLS-SEM and should be interpreted with caution.
Based on the results from the confirmatory factor analysis (CFA), the measurement model in this
study demonstrates a good fit to the sample data, with an SRMR value of 0.080.

4.4 Evaluation of the Structural Model (Hypotheses Testing)
Table 8 presents the results of the hypotheses testing. Thirteen hypotheses were proposed in this
study; nine were accepted while four were rejected. The researcher employed the t-statistic and p-
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Table 7. Model Fit.

Saturated Model Estimated Model

SRMR 0.080 0.084
dULS 4.255 4.677
dG 1.123 1.140
Chi-square 4,912.229 4,975.802
NFI 0.666 0.661

Source: Own elaboration.

value to evaluate the hypotheses. Specifically, if the t-statistic exceeds 1.96 and the p-value is less
than 0.05, the null hypothesis (H0) is rejected in favor of the alternative hypothesis (Ha). This finding
indicates a significant effect among the variables.

Table 8. Hypotheses Testing.

Hypothesis Original
Sample
(O)

Sample
Mean
(M)

Standard
Deviation
(STDEV)

t Statistic
(|O/STDEV|)

p-value Decision

CSE → IU 0.003 0.004 0.044 0.065 0.948 Not Sup-
ported

CSE →
PEoU

0.238 0.237 0.036 6.672 0.000 Supported

CSE → PU 0.148 0.149 0.035 4.191 0.000 Supported
FC → PEoU 0.531 0.531 0.033 15.863 0.000 Supported
FC → PU -0.128 -0.128 0.040 3.210 0.001 Supported
IU → UB 0.604 0.606 0.029 20.877 0.000 Supported
Mot →
PEoU

-0.063 -0.060 0.038 1.636 0.102 Not Sup-
ported

Mot → PU 0.186 0.185 0.035 5.284 0.000 Supported
PEoU → IU 0.193 0.193 0.043 4.527 0.000 Supported
PEoU → PU 0.423 0.425 0.038 11.109 0.000 Supported
PU → IU 0.035 0.034 0.049 0.715 0.475 Not Sup-

ported
SN → PEoU 0.055 0.054 0.036 1.516 0.130 Not Sup-

ported
SN → PU 0.267 0.266 0.038 7.099 0.000 Supported

Source: Own elaboration.

The results indicated that pre-service EFL students’ use behavior of AI for learning English was
significantly influenced by Intention to Use (IU) (p-value = .000). Additionally, Perceived Ease of
Use (PEoU) had a substantial impact on IU, with p-values of .000. On the other hand, there is no
influence between Perceived Usefulness (PU) and IU, with p-values of .475. Furthermore, PU was
significantly influenced by PEoU (p-value = .000).

The extended variable, Computer Self-Efficacy (CSE), significantly affected PEoU and PU (p-
value = .000) but did not have a significant impact on IU (p-value = .948). Motivation also had a
significant influence on PU (p-value = .000) but did not significantly impact PEoU (p-value = .102).
Besides, Facilitating Conditions (FC) significantly influenced both PEoU and PU, with p-values of
.000 and 0.001, respectively. Lastly, Subjective Norm (SN) significantly influenced PU (p-value =
.000) but did not significantly affect PEoU (p-value = .130).
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5 Discussion
The primary aim of this study is to investigate the essential factors that shape student behavior
regarding the utilization of generative AI in the context of English language learning. By conducting
a thorough examination of these determinants, we aspire to transcend mere correlation and pinpoint
the elements that either promote or hinder the effective integration of this transformative technology
among EFL learners (Wang; Du; Zou, 2025).

This research specifically targets pre-service EFL teachers who are currently enrolled in English
departments. This group is particularly significant, as their initial experiences and perspectives on
generative AI will play a crucial role in molding their future teaching methodologies and, consequently,
in influencing subsequent generations of language learners. Therefore, gaining insight into their usage
behaviors and the factors that drive these behaviors is vital for the successful incorporation of AI into
teacher education programs.

In light of this focus, our study seeks to provide in-depth insights into the motivations behind
the adoption of AI tools in English language instruction by pre-service EFL teachers. The antici-
pated outcomes of this research aim to enrich the fields of Technology-Enhanced Language Learning
(TELL) and the adoption of educational technologies, thereby offering guidance for the development
of targeted strategies and interventions. These strategies will enhance the integration and practical
application of generative AI tools within academic frameworks and future professional environments.

The analysis conducted in this study has revealed that nine out of the thirteen initial hypotheses
received empirical support. Notably, the Intention to Use (IU) generative AI has emerged as a robust
predictor of actual Use Behavior (UB), with a t-statistic of 20.877 and a significance level of p <
.000. This finding is consistent with existing literature on technology adoption, reinforcing the notion
that users’ intentions significantly influence their engagement with new technologies (Ayyoub et al.,
2025; Karan; Chakma, 2025).

Additionally, Perceived Ease of Use (PEoU) significantly influenced both Perceived Usefulness (PU)
and Intention to Use (IU) AI tools in English language learning. First, PEoU positively impacted PU
(t-statistics = 11.109, p = 0.000), suggesting that students’ perceived ease of use directly enhance
their perceived usefulness of the usage of AI for English language learning. This finding is in line with a
previous finding by Setyaningsih et al. (2025), who demonstrated that PEoU has a significant influence
on PU. Second, PEoU also significantly predicted IU (t-statistics = 4.527, p = 0.000), indicating that
pre-service teachers’ perceived ease of use of AI tools improves their intent to integrate them into
their English language learning process within Indonesian universities. This finding is consistent with
the finding of Arif, Sulistiyo, and Wachyunni (2024), who claimed that PEoU significantly predicted
IU, suggesting that students’ perceived ease of use can enhance their intention to use generative AI
tools for language learning.

There is an interesting phenomenon based on the result of this study: the absence of a significant
relationship between Perceived Usefulness (PU) and Intention to Use (IU), with t-statistics of 0.715
and a p-value of 0.475. This result contrasts with previous research, such as that by Mustofa et al.
(2025), which indicated a significant impact of Perceived Usefulness on Intention to Use. Although
some studies involving pre-service EFL teachers have found a notable connection between PU and
IU regarding the adoption of AI (Karan; Chakma, 2025; Liu; Ma, 2024), the lack of a significant
relationship in this case may be due to various overriding factors that weaken the perceived usefulness.
This absence of influence implies that, despite pre-service teachers recognizing the utility of AI,
other concerns or external influences may hinder their intention to adopt and utilize the technology
effectively.

The extended variable, Computer Self-Efficacy (CSE), demonstrated a significant effect on both
Perceived Ease of Use (PEoU) and Perceived Usefulness (PU), with a p-value of .000. These results
contrast with the findings of Jiang et al. (2021), which reported no significant positive relationship
between CSE and PU. However, CSE did not show a statistically significant relationship with Intention
to Use (IU), as indicated by a p-value of .948. This suggests that while CSE contributes positively
to users’ perceptions of the technology’s ease and usefulness, it does not necessarily translate into a
higher intention to use it.
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In addition, Motivation emerged as a significant factor influencing Perceived Usefulness, with a
p-value of .000, yet it did not have a meaningful effect on Perceived Ease of Use, which had a p-
value of .102. This finding contrasts with Wang, Du, and Zou (2025), whose study demonstrated
that Motivation significantly influences PEoU. Furthermore, Facilitating Conditions (FC) were found
to significantly affect both PEoU and PU, with p-values of .000 and .001, respectively. Finally,
Subjective Norm (SN) significantly impacted Perceived Usefulness, evidenced by a p-value of .000,
but did not significantly influence Perceived Ease of Use, as reflected in a p-value of .130. These
findings highlight the complex interplay of various factors in shaping users’ perceptions and intentions
regarding technology adoption.

This study not only emphasizes the essential factors that affect the adoption of generative AI
among pre-service EFL teachers but also lays the groundwork for future research and practical appli-
cations aimed at improving language education through cutting-edge technology. By identifying these
critical determinants, the research provides valuable insights into how pre-service teachers engage with
generative AI, which can inform the development of targeted strategies to facilitate its integration into
educational practices. Fundamentally, this contribution serves to bridge the gap between emerging
technologies and traditional teaching methodologies, promoting a more holistic approach to language
instruction.

Moreover, to enhance the practical implications of our findings, EFL university instructors are
encouraged to consider specific strategies derived from this study. For example, they should consider
adopting a formative approach to educate students on the benefits and limitations of generative
AI tools, incorporating workshops on ethical technology usage. Developing curricula that integrates
these applications will facilitate meaningful student engagement. By proactively addressing barriers
and utilizing motivating factors, instructors can significantly optimize the integration of generative AI
into language education, ensuring that students benefit from these advanced tools in their learning
experiences.

Furthermore, the findings open avenues for subsequent studies that can explore the long-term
effects of generative AI on language learning outcomes, ultimately contributing to a more effective
and innovative teaching landscape. This foundational work encourages educators and researchers
to collaborate in harnessing the potential of technology to enhance language instruction and learner
engagement in the evolving educational environment. By fostering interdisciplinary partnerships, we
can ensure that advancements in generative AI are effectively aligned with pedagogical practices and
learner needs.

6 Conclusion
The integration of generative AI tools like ChatGPT into language learning represents a promising
avenue for enhancing educational outcomes. This study aims to contribute to the understanding
of the factors influencing the acceptance of such technologies among pre-service EFL teachers in
Indonesia. By applying the Technology Acceptance Model, the research will shed light on the critical
determinants that can facilitate or hinder the effective use of generative AI in language education,
eventually contributing to the broader discourse on technology-enhanced language learning.

The analysis conducted in this study indicates that nine out of the thirteen initial hypotheses
were empirically validated, underscoring the significance of various factors influencing the adoption
of generative AI among pre-service EFL teachers. Notably, the intention to use (IU) generative
AI emerged as a strong predictor of actual usage behavior (UB). This finding aligns with existing
literature on technology adoption, reinforcing the idea that users’ intentions play a crucial role in their
interaction with new technologies. Given these insights, EFL university instructors are encouraged
to adopt specific strategies, such as incorporating training sessions and workshops on the ethical use
of generative AI tools to foster critical understanding. By developing curricula that integrate these
applications and addressing barriers, instructors can enhance student engagement and optimize the
integration of generative AI into language education.

The limitations of this study include its focus on the constructs of TAM2 and the inclusion of
respondents who are pre-service EFL teachers from only three universities in Indonesia, which may
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limit the generalizability of the findings to the broader population of EFL teachers across the country.
Therefore, it is recommended that future researchers further explore the underlying motivations that
drive intention to use generative AI, as well as the barriers that may inhibit its adoption. Additionally,
longitudinal studies could provide valuable information on how these relationships evolve over time,
particularly as technology continues to advance. Expanding the research to include diverse educational
contexts and different demographic groups could also yield deeper insights into the effective integration
of generative AI in language education.
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