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Abstract 

This study investigates the adoption of Metaverse-based immersive learning in Teaching English 

to Speakers of Other Languages (TESOL), an area that has been understudied and lacks an 

understanding of factors influencing the acceptance of this digital platform. In contrast to 
traditional mobile or e-learning, the Metaverse facilitates all sorts of unique immersive experiences 

including virtual simulations and cultural dialogues that can aid your process for language 

acquisition and cultural understanding. However, its reception in the field of TESOL is yet to be 
substantiated through empirical evidence. The present study explores the effects of constructs such 

as Perceived ease of use (PEU), Perceived usefulness (PUS), Attitude (ATT), Subjective norm 

(SBN) and Perceived behavioural control (PBC) on students' Intention to Use Metaverse (IUM) 
in TESOL context. Data collected from 736 university students in Jordan were analyzed using 

structural equation modelling (SEM) with a combined Technology Acceptance Model (TAM) and 

Theory of Planned Behavior (TPB) framework. Results indicate that in terms of direct effects, 
PEU strongly influences ATT (β = 0.566) and SBN (β = 0.448), whereas PUS regulates ATT (β = 

0.514) and SBN (β= 0.482). Path coefficients for the predictive factors of IUM—ATT, SBN, and 

PBC were 0.326, 0.641, and 0.516 respectively. A J48 decision tree validated by machine learning 
was able to predict 91.22% of IUM with good accuracy. The results reveal that Metaverse-based 

TESOL has gradually become part of student habits despite their limited access to technology. The 

findings of the study assist in improving TESOL curricula and developing informed policies that 

recommend immersive language learning. 
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1- Introduction 

Recent technological advancements have changed the educational scen [1], enabling the immersion and engagement 

of learners in digitally mediated interactive and visual environments [2-4]. Metaverse, a virtual reality room where users 

can interact with other users and the setup around them, corresponds to the innovative advancement in this domain [5]. 

This technological evolution will change the way we learn formally or informally, along with several aspects of Teaching 

English to Speakers of Other Languages (TESOL) [6]. Recent developments in virtual environments as well as the 

gradual ease of access to such platforms have paved new pathways for teaching and learning beyond traditional 

classrooms [7]. 

By allowing students to visualise, simulate, and experience content in ways that were previously impossible with 

traditional teaching methods, these digital spaces become more language-inclusive than ever while also providing an 
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increased level of student engagement through their immersive nature and extensibility. This, in turn, boosts students' 

communication skills and cultural awareness which could be the key aspects of successful language acquisition. 

For these advantages to be realised, students and educators must first have the same willingness to apply Metaverse-

based tools for TESOL. Even though Metaverse technology has enormous potential, it is still not adopted widely in 

education. However, the use of Metaverse for educational purposes will vary in scope since the readiness of students to 

accept this technology even amidst advanced virtual environments is yet to be explored. The Technology Acceptance 

Model (TAM) [8] and the Theory of Planned Behavior (TPB) [9]  have gained much trust empirically through practical 

observations in the context of technology adoption in different fields including higher education; but research regarding 

the application of these models on Metaverse, more specifically TESOL is inadequate. 

Despite the vast growth of research in mobile learning (m-learning) and e-learning curricula for higher education 

[10-13], there is only a handful of studies exploring the Metaverse pertaining to TC-LIT, while its application for 

language learning in TESOL has so far remained at an infancy stage. Especially in regions like Jordan, higher education 

facilities are increasingly supporting the integration of digital technologies into learning environments [14]. However, 

little research has been done to explore the determinants of students' intention to use Metaverse platforms in their 

language learning. Although previous studies focus heavily on SEM-based techniques for technology acceptance, not 

many have employed a robust machine learning approach to take the analysis forward. 

To answer this, the present study examines the factors that shape the inclination to use Metaverse in TESOL in order 

to fill the existing research void. Therefore, the objective of this study is to formulate a holistic model by integrating 

TAM and TPB with respect to students' attitudes, subjective norms and behavioural control towards adoption of 

Metaverse technology. In this research, we will develop the model in detail, based on a mixed-methods approach that 

uses structural equation modelling (SEM) techniques to identify constructs and machine learning (ML) methods to 

assess their contribution. It records a review that offers an overview on how the Metaverse Technology can be integrated 

with TESOL which nurtures actionable insight for educators and policies. 

The paper is structured as follows: section 2 outlines the research model and development of hypotheses, describing 

corresponding relationships between variables being studied. The section also provides an in-depth analysis of the 

literature surrounding the TAM, the TPB, and the adoption of Metaverse within the educational context, specifically 

with a focus on TESOL. The Research Methodology (Section 3): The section describes the data gathering process, the 

participants and the ML methodologies used for analysis (SEM). Empirical results are reported in Section 4, and key 

SEM and ML findings are summarized. Finally, Section 5 addresses the theoretical and practical implications of these 

findings, providing salient insights for practitioners, policymakers and researchers. Last, Section 6 concludes the paper 

by highlighting our main contributions and directions for future research. 

2- Research Model and Hypotheses Development  

A novel framework combining Subjective Norm (SBN) constructs with TPB and TAM to investigate Metaverse-

based immersive learning in the context of TESOL. The theory of planned behaviour (TPB) stresses the role of social 

norms (SBN), attitudes, and perceived behavioural control (PBC) on intentions to use emerging technologies, while the 

technology acceptance model focuses on perceived ease of use (PEU) and usefulness (PUS) in technology adoption 

[15]. PUS, PEU and SBN have a significant effect on the students' intention to interact with Metaverse-based learning. 

The ease of language learning and its perceived educational benefits, coupled with social encouragement from peers and 

educators, can increase the likelihood of students using Metaverse. Figure 1 provides an empirical guide for Metaverse 

adoption drivers in TESOL and consequently fills existing literature gaps through this combined framework. 

2-1- Perceived Ease of Use (PEU) 

Perceived Ease of Use (PEU) signifies "the degree to which a person thinks using some specific system will require 

no physical and mental burden" [8]. As such, this is an important element in the Technology acceptance model (TAM) 

which influences user behavioural intentions to accept new technologies [16]. PEU is vital in the context of Metaverse-

based immersive learning in TESOL as learners tend to develop positive attitudes toward using a platform when they 

find the system easy to use and intuitive. The notable influence of PEU on users ' technology usage attitudes, particularly 

in the context of mobile learning systems, has been well-established earlier. PEU is also reported to be able to influence 

the SBN [17] because people who have perceived ease of use believe that their environment will attract social pressure 

to accept such technology. Based on these findings, this study develops the following hypotheses in the context of 

Metaverse-based learning in TESOL. 

H1: Perceived Ease of Use (PEU) will positively predict the attitude toward the use of Metaverse-based learning 

platforms (IU) in TESOL.  

H2: Perceived Ease of Use (PEU) will positively predict the Subjective Norm (SBN) in the adoption of Metaverse-

based TESOL platforms.  
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2-2- Perceived Usefulness (PUS) 

Perceived Usefulness (PUS) is defined as "the degree to which a person believes that using a particular system would 

enhance his or her job performance" [8]. It is a key concept in the widely used TAM that focuses on users' beliefs about 

the functional utility of a system affecting their performance or results. Therefore, among TESOL-related Metaverse-

based immersive learning, perceived usefulness (PUS) is crucial since students are more likely to use the Metaverse if 

they believe that it will enhance their language acquisition. Existing literature has found that PUS has a substantial effect 

on these attitudes [16], for instance, buyers perceiving a system as useful, will generally have positive UTAUT-U 

outcomes. Moreover, PUS impacts SBN [17], which means that whenever users consider technology as innovative or 

beneficial for them, they may also experience the indirect (social encouragement) or direct (social pressure) effect of 

increasing use of technology by peers, instructors or institutions. Thus, this study investigates Metaverse-based learning 

in TESOL and proposes the following hypotheses based on the results of previous research. 

H3: Perceived Usefulness (PUS) will positively predict the attitude toward the use of Metaverse-based learning 

platforms (IUM).  

H4: Perceived Usefulness (PUS) will positively predict the Subjective Norm (SBN) in the adoption of Metaverse-based 

TESOL platforms (IUM).  

2-3- Attitude (ATT) 

ATT is "an individual’s positive or negative feelings (evaluative effect) about using a particular system," [18] that 

captures how much an individual likes or dislikes using a given technology. ATT is a critical determinant of learners' 

intention to learn language via Metaverse in the phenomenon of learning in TESOL. Past studies on m-learning have 

consistently reported some evidence of a strong correlation between attitude and intention to use (IUM) digital learning 

systems. Research has shown that a positive attitude towards m-learning has a significant positive impact on students' 

free will to use these systems. Based on the previous ideas presented in this study, it is reasoned that attitude toward 

Metaverse will also influence intention to use the technology among TESOL learners. Accordingly, learners with a 

positive attitude towards Metaverse as a tool in language learning will have greater intention to use it [17, 19, 20]. 

Therefore, we can postulate that: 

H5: Attitude (ATT) will positively predict the intention to use Metaverse-based learning platforms in TESOL (IUM).  

2-4- Subjective Norm (SBN) 

Subjective Norm (SBN) is defined as "the perceived social pressure to perform or not perform a certain behaviour," 

[8] reflecting the influence of others' opinions on an individual's decision to use a system. In the context of Metaverse-

based learning in TESOL, SBN plays a crucial role as learners may feel encouraged or pressured to adopt immersive 

learning technologies based on the expectations of peers, educators, or institutions. Prior research has demonstrated that 

subjective norm significantly influences the intention to use (IUM) various technology platforms [17, 21], including 

mobile learning (m-learning) systems. When individuals perceive that important people in their lives, such as teachers 

or classmates, expect them to use a particular system, they are more likely to demonstrate a higher inclination to use that 

system. There, we hypothesise that: 

H6: Subjective Norm (SBN) will positively predict the intention to use Metaverse-based learning platforms in TESOL 

(IUM).  

2-5- Perceived Behavioral Control (PBC) 

Perceived Behavioral Control (PBC) is defined as "people’s perception of the ease or difficulty of performing the 

behaviour of interest." [22].  It reflects an individual's sense of control over their ability to perform a particular behaviour, 

which in this case is the adoption and use of a technology system. In the context of Metaverse-based learning in TESOL, 

PBC is a key determinant of learners’ intentions to use immersive learning platforms. Learners who perceive that they 

have sufficient control—whether due to access to technology, digital literacy, or the necessary support systems—are 

more likely to adopt Metaverse for language learning. Prior research consistently shows that PBC has a significant 

impact on the intention to use (IU) [17] m-learning platforms and other digital tools, thereby leading to the following 

hypothesis. 

H7: Perceived Behavioral Control (PBC) will positively predict the intention to use Metaverse-based learning platforms 

in TESOL (IUM).  

The proposed research model is built on these seven hypotheses (H1–H7), integrating TAM and TPB to explain the 

factors influencing the adoption of Metaverse-based platforms in TESOL. As illustrated in Figure 1, the model is first 

structured as a structural equation model (SEM) to assess the relationships between key constructs like PEU, PUS, ATT, 

SBN, and PBC. The model is then further evaluated and enhanced using machine learning methods to refine predictions 

and analyse patterns in the data. This dual approach allows for a robust analysis of both theoretical and empirical factors 

that influence the adoption of immersive learning technologies in TESOL. 
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Figure 1. Theoretical Framework of the Study 

3- Research Methodology  

3-1- Data Collection   

Online surveys were distributed to university students across Jordan who were collaborating on this study. Data were 

collected from February 1, 2024 to June 5, 2024. 800 questionnaires were randomly distributed among the students with 

a very high rate of response (92%). 800 responses were received of which 64 questionnaire forms with incomplete 

answers were not used for the study. Following the sample size instructions by Krejcie & Morgan (1970) [23], this study 

achieved its target sample of 306 respondents from a population of 1500. The final sample size exceeded the lower 

threshold of 736 by far, making it possible to conduct robust analyses. SEM was an appropriate method to test the 

hypotheses of this study given the sample size. The theories behind the hypotheses for this research were created from 

existing theoretical frameworks, especially from some Metaverse-based studies. Measurement model assessment was 

conducted using Structural Equation Modeling (SEM) and SmartPLS Version 3.2.7 [24]. The final path model was then 

used to perform more advanced analyses and test the proposed hypotheses. Beyond just assisting in the empirical 

validation of the study conceptual framework, these analyses also helped understand the adoption behaviour of 

metaverse-based immersive learning in higher education. 

3-2- Students' Personal Information / Demographic Data    

Figure 2 provides an overview of the demographic and personal information of the participants. A total of 58% of 

respondents were females, while 42% were males. The majority of participants (73%) fell within the age group of 18 to 

29 years, with the remaining respondents being over 29 years old. In terms of educational background, most participants 

held a university degree, with 72% having a Bachelor's degree, 26% holding a Master's degree, and 3% possessing a 

PhD. According to Anwar et al. (2024) [25] study, the purposive sampling approach can be employed when participants 

demonstrate a willingness to volunteer, which was applicable in this study. The participants came from various 

universities, representing different age groups with diverse educational qualifications. To analyse the demographic data, 

IBM SPSS Statistics version 23 was used, ensuring an accurate and thorough evaluation of the dataset. 

The demographic results of the participants, as outlined in Table 1, provide a detailed breakdown of the students’ 

backgrounds and experiences with Metaverse-based learning. The majority of respondents, accounting for 63%, were 

from TESOL programmes, followed by Language Studies (23%), with fewer representations from Education (6%) and 

Information Technology (8%). Most students were enrolled in public universities (62%), while 38% attended private 

universities. In terms of academic level, 44% of respondents were in their first year, 31% in their second year, 13% in 

their third year, 7% in their fourth year, and 6% were graduate students. While analysing their experience with Metaverse 

technologies, 30% of students reported having no prior experience, while 32% identified themselves as beginners with 

less than a year of experience. Another 29% had intermediate-level experience (1-3 years), and 9% were advanced users 

with over three years of experience. Regarding access to technology, the survey showed that half of the respondents 

(50%) had no regular access to technology, while 20% used personal laptops/desktops, 7% had access to university-

provided devices, and 23% utilised public computers, such as those in libraries. Lastly, when it came to the use of 

Metaverse in learning, 44% reported they had never used it, 11% used it rarely, 23% used it sometimes, and 21% used 

it often or always. These findings highlight the diversity in both the backgrounds and the levels of technological exposure 

among the participants, offering a comprehensive view of the sample for further analysis. 
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The results from Table 1 provide valuable insights into the participants' educational backgrounds, technological 
exposure, and their interaction with Metaverse-based learning. A significant portion of the participants are enrolled in 
TESOL programmes, with most of them attending public universities, suggesting that Metaverse adoption in TESOL 

could have broader relevance in public education. The varying levels of experience with Metaverse technologies—
ranging from no experience to advanced users—demonstrate that while some students are familiar with these platforms, 
a substantial proportion lacks prior exposure. Additionally, the fact that 50% of participants report no regular access to 
technology highlights a potential barrier to widespread Metaverse adoption in educational contexts. Furthermore, while 
44% of students have never used Metaverse in their learning, a growing minority (21%) are already integrating it into 
their educational routines. These findings suggest that while there is an opportunity for expanding Metaverse-based 

learning in TESOL, efforts should focus on improving both access to technology and familiarity with these immersive 
platforms to maximise educational outcomes among learners. 

 

Figure 2. Demographic data of the respondents (n= 736) 

Table 1. The demographic results of the participants 

Category Factor Frequency Percentage 

Field of Study 

TESOL 461 63% 

Education 46 6% 

Language Studies 172 23% 

Information Technology 57 8% 

Academic Institution 
Public University 453 62% 

Private University 283 38% 

Year of Study 

1st Year 322 44% 

2nd Year 225 31% 

3rd Year 97 13% 

4th Year 49 7% 

Graduate Student 43 6% 

Experience with 

Metaverse Technologies 

None 221 30% 

Beginner (Less than 1 year) 234 32% 

Intermediate (1-3 years) 216 29% 

Advanced (3+ years) 65 9% 

Access to Technology 

Personal Laptop/Desktop 147 20% 

University-provided Devices 53 7% 

Public Computers (e.g., library) 167 23% 

No regular access to technology 369 50% 

Use of Metaverse in 
Learning 

Never 325 44% 

Rarely 82 11% 

Sometimes 169 23% 

Often 152 21% 

Always 8 1% 
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3-3- Study Instrument  

The research instrument used in this study consisted of two main sections. The objective of the first part was to obtain 
the participants’ demographic data, while the second one sought responses about the factors incorporated in the 
conceptual model. A “5-point Likert scale” was used to measure items in the second section [26]. PEU and PUS were 

measured using items adapted from previous research sources. The constructs of ATT, SBN, PBC, and Intention to Use 
the Metaverse-based TESOL platform (IUM) were measured using items adapted from established studies [9]. Table 2 
presents a list of constructs and their underlying items. 

Table 2. Constructs and their sources 

Constructs Item Source 

Attitude (ATT) 

I would enjoy my language courses more if I used Metaverse-based learning platforms. 

Cheon et al. (2012) 

[17] 
Using the Metaverse in my coursework would be a pleasant experience. 

Using the Metaverse in my language studies is a wise idea. 

Subjective Norm (SBN) 

Most people who are important to me think it would be fine to use Metaverse-based platforms 

for university courses. 

Cheon et al. (2012) 
[17] 

I think other students in my classes would be willing to adopt Metaverse-based immersive 

learning for language learning. 

Most people who are important to me would be in favor of using Metaverse platforms for 

university courses. 

Perceived Behavioral Control 

(PBC) 

I have sufficient knowledge to use Metaverse-based learning platforms. 

Cheon et al. (2012) 

[17] 
I feel in control when deciding to use Metaverse technology for my TESOL studies. 

I have enough confidence to make a decision to adopt Metaverse-based learning for language 

learning. 

Perceived Ease of Use (PEU) 

The Metaverse-based learning environment is clear and easy to understand. 
 Bao et al. (2013) 

[27], Tan et al. 

(2014) [28] 

I found it easy to get the Metaverse platform to perform the tasks I wanted. 

Overall, the Metaverse-based learning system is easy to use. 

Perceived Usefulness (PUS) 

Using the Metaverse can improve my language learning performance. 
 Bao et al. (2013) 

[27], Tan et al. 

(2014) [28] 

Using the Metaverse-based TESOL platform increases my productivity in language studies. 

I find the Metaverse to be useful in enhancing my TESOL coursework. 

Intention to Use the Metaverse-

based TESOL platform (IUM) 

I intend to increase my use of Metaverse-based learning platforms in the future. Bao et al. (2013) 
[27], Tan et al. 

(2014) [28] Assuming that I had access to a Metaverse-based TESOL platform, I intend to use it. 

3-4- Common Method Bias (CMB) 

To ensure that the collected data were free from Common Method Bias (CMB), Harman's single-factor test was 
conducted using seven variables [29]. This method helps identify whether a substantial amount of common variance 

exists among the variables, which could indicate CMB issues. In this analysis, ten factors were loaded into a single 
factor to examine the extent of variance explained. The results showed that the newly created single factor accounted 
for 24.13% of the total variance, which is significantly lower than the acceptable threshold of 50% [29]. This finding 
indicates that there was no significant common method bias present in the dataset, thereby confirming the validity of the 
data collection process for subsequent analyses. 

4- Results  

This study applies Weka (ver. 3.8.3), using a number of well-known machine learning (ML) classifiers such as OneR, 

BayesNet, J48 and Logistics [30]. Using such classifiers, the model can aid in analyzing the relationships between 
elements of this research by applying an extensive number of approaches towards classification. Neural networks, 
Bayesian networks, and other machine learning-based algorithms have been successfully applied in earlier work to 
identify relationships and characteristics within data sets that would be otherwise imperceptible. These techniques assist 
in revealing concealed connections in the information that may not be discovered via standard techniques. 

Apart from ML, Partial Least Squares Structural Equation Modeling (PLS-SEM) is also applied to test the theoretical 
model driven by general Information Systems (IS) principles [31]. PLS-SEM is used to study causal relationships 
between latent variables in the research model along with the structural and measurement model validity. These two 
complementary approaches — SEM and ML — are used to ensure the completion of the model evaluation. The 
relationships between the latent variables are evaluated using structural model analysis, while measurement model 
analysis evaluates construct reliability and validity. 

The dual evaluation process facilitated by this research with ML ensuring the assessment of predictive accuracy and 
classification ability of the models, PLS-SEM rigorously iterates through model theory testing of constructs and 

relationships–outspanning the more focused assessments afforded by singular use. 
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4-1- Convergent Validity     

While evaluating the measurement model, construct validity—comprising both discriminant and convergent 
validity—and construct reliability were assessed according to the established guidelines [32]. Construct reliability was 
measured using Cronbach's alpha (CA) and composite reliability (CR). As shown in Table 3, Cronbach's alpha values 

ranged from 0.813 to 0.895, exceeding the recommended threshold of 0.7, indicating a high level of reliability for the 
constructs [33]. Similarly, the composite reliability (CR) scores, which ranged from 0.819 to 0.897, also surpassed the 
acceptable cutoff point of 0.7, further confirming the model's reliability. For convergent validity, the study assessed the 
average variance extracted (AVE) and factor loadings [32]. Table 3 reveals that all factor loadings exceeded the standard 
criterion of 0.7, demonstrating strong item-to-construct associations. Additionally, the AVE values ranged from 0.625 
to 0.798, surpassing the minimum required value of 0.5. These results collectively indicate that the model achieved 

convergent validity, meaning that the constructs in the model are well-correlated with their respective indicators. 
Overall, these findings suggest that the measurement model meets the necessary criteria for reliability and validity, 
supporting the robustness of the constructs within the study. 

4-2- Discriminant Validity 

For the actual assessment of discriminant validity, Hair et al. (2017) [32] contemplated the reconsideration of two 
main criteria for discriminant validity - the Heterotrait-Monotrait ratio (HTMT) and the Fornell-Larcker criterion [32]. 
As shown in Table 4, the Fornell-Larcker criterion was satisfied since the square roots of each construct's average 

variance extracted (AVE) exceeded the correlations with other constructs, confirming its discriminant validity as per 
this criterion [34]. 

In addition, the outcomes of the HTMT ratio presented in Table 5 further reveal that all constructs had an HTMT 
value below 0.85 [35], indicating the Heterotrait-Monotrait ratio of correlations-confirmed discriminant validity. The 
results imply that the constructs are distinct enough from one another. To summarize, these findings support the 
convergence and discriminant validity and reliability of the measurement model setting firm grounds to use this set of 

data for an overall evaluation of the structural model ensuring that we can study our research model at higher levels 
owing to good measurement quality. 

Table 3. Convergent validity results which assures acceptable values  

(Factor loading, Cronbach’s Alpha, composite reliability  0.70 & AVE > 0.5) 

Constructs Items Factor Loading Cronbach's Alpha CR AVE 

ATT 

 

ATT1 0.776 

0.885 0.897 0.721 ATT2 0.881 

ATT 0.881 

IUM 
IUM1 0.783 

0.813 0.854 0.736 
IUM2 0.823 

PBC 

PBC1 0.833 

0.852 0.842 0.627 PBC2 0.772 

PBC3 0.855 

PEU 

PEU1 0.863 

0.821 0.819 0.625 PEU2 0.708 

PEU3 0.803 

PUS 

PUS1 0.858 

0.895 0.894 0.771 PUS2 0.870 

PUS3 0.854 

SBN 

SBN1 0.724 

0.885 0.875 0.798 SBN2 0.847 

SBN3 0.722 

Table 4. Fornell-Larcker Scale 

 ATT IUM PBC PEU PUS SBN 

ATT 0.818      

IUM 0.544 0.814     

PBC 0.384 0.520 0.805    

PEU 0.361 0.358 0.461 0.798   

PUS 0.423 0.421 0.667 0.847 0.825  

SBN 0.229 0.328 0.361 0.428 0.426 0.843 
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Table 5. Heterotrait-Monotrait Ratio (HTMT) 

 ATT IUM PBC PEU PUS SBN 

ATT       

IUM 0.572      

PBC 0.681 0.633     

PEU 0.756 0.441     

PUS 0.520 0.571 0.477    

SBN 0.445 0.437 0.382 0.499 0.521  

4-3- Hypotheses Testing Using PLS-SEM 

The variability of each path in the study model was evaluated using R² values and the significance of the path 

connections. Figure 3 and Table 6 display the normalised path coefficients and path significances, providing a detailed 

view of the relationships between the variables. The testing of the nine hypotheses was performed through structural 

equation modelling (SEM), which offered empirical support for the model's predictions. 

The constructs demonstrated moderate predictive power, as indicated by the R² values for Intention to Use Metaverse 

(IUM), Subjective Norms (SBN), and Attitude (ATT), ranging from 0.492 to 0.729 (refer to Table 7). These values 

reflect the model's ability to explain a moderate percentage of variance in these constructs. 

According to the analysis, the following hypotheses were confirmed: 

 H1: Perceived Ease of Use (PEU) significantly influenced Attitude (ATT) (β = 0.566, P < 0.001). 

 H2: PEU significantly influenced Subjective Norms (SBN) (β = 0.448, P < 0.05). 

 H3: Perceived Usefulness (PUS) significantly impacted Attitude (ATT) (β = 0.514, P < 0.001). 

 H4: PUS significantly affected SBN (β = 0.482, P < 0.001). 

 H5, H6, H7: Intention to Use Metaverse (IUM) significantly influenced ATT (β = 0.326, P < 0.001), SBN (β = 

0.641, P < 0.001), and Perceived Behavioral Control (PBC) (β = 0.516, P < 0.01). 

These results provide strong empirical support for the relationships outlined in the study’s conceptual model, 

confirming the significance of PEU and PUS in predicting Attitude, Subjective Norms, and ultimately, Intention to Use 

the Metaverse for immersive learning in TESOL. 

Table 7. Hypotheses-testing of the research model (significant at p** < = 0.01, p* < 0.05) 

H Relationship Path t-value p-value Direction Decision 

H1 PEU → ATT 0.566 12.463 0.000 Positive Supported** 

H2 PEU → SBN 0.448 6.549 0.012 Positive Supported* 

H3 PUS → ATT 0.514 13.352 0.000 Positive Supported** 

H4 PUS → SBN 0.482 16.521 0.000 Positive Supported** 

H5 ATT → IUM 0.326 14.210 0.000 Positive Supported** 

H6 SBN → IUM 0.641 10.503 0.000 Positive Supported** 

H7 PBC → IUM 0.516 9.802 0.003 Positive Supported** 

Table 6. R2 of the endogenous latent variables 

Construct R2 Results 

ATT 0.729 High 

SBN 0.548 Moderate 

IUM 0.492 Moderate 
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Figure 3. Path coefficient of the model (significant at p** < = 0.01, p* < 0.05) 

4-4- Hypotheses Testing Using Classical Machine Learning Algorithms 

The results of this analysis confirm our first, third, fifth and seventh hypotheses providing considerable support for 

the relationships proposed in the conceptual framework of the study. A range of machine learning (ML) methods such 

as Bayesian network, neural network and decision tree algorithms were used to evaluate the hypotheses. These ML 

approaches, were implemented in the conceptual model to associate the relationships among variables [30]. 

Conf.waterfall plots illustrated changes of prediction were validated by Weka(v. 3.8.3; with classifiers including J48, 

OneR and BayesNet [30] . J48 was found to perform best among the classifiers specifically for ATT evaluation as shown 

in Figure 4. The most accurate model (J48 with 89.24% accuracy) predicted an attitude-related outcome using ten-fold 

cross-validation. In addition, J48 [36] obtained highest results for other performance metrics as well: 89.12% precision, 

89.18% recall and more than 82.48% F-Measure which underscored the effectiveness of it in our analysis. The final 

section of this paper shows that with these results the J48 decision tree is quite appropriate for type of predictive 

modelling, and thus reasonably accurate and fairly stable outcomes are obtained for testing research hypotheses. 

 

Figure 4. Impact of PEU & PUS on ATT 

These results are also in line with the second and fourth research hypotheses, which further bolsters the conceptual 

frameworka (Figure 5). As with prior findings, the best J48 classifier accurately predicted SBN. J48 correctly classifies 

SBN with an accuray of 82.67% as showed in Figure 5 The stable performance of J48 at each of the proposed hypotheses 

has reinforced the efficiency and stability of using it for predicting important variables in this study. 
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Figure 5. Impact of PEU & PUS on SBN 

The J48 classifier also demonstrated the highest performance in predicting the IUM by utilising key features such as 

ATT, SBN, and PBC. As shown in Figure 6, J48 accurately estimated IUM 91.22% of the time, further validating the 

model's predictive capability. As a result, the fifth, sixth, and seventh hypotheses were also confirmed, showcasing J48's 

effectiveness in predicting various constructs within the study and providing strong empirical support for the conceptual 

framework. 

 

Figure 6. Impact of ATT, SBN & PBC on IUM 

5- Discussion 

The findings provide an in-depth understanding of the determinants for Intention to Use Metaverse (IUM) concept 

in immersive learning settings for TESOL context. By utilizing SEM and ML algorithms, this analysis provided a 

comprehensive examination of significant constructs including PEU, PUS, ATT, SBN and PBC. Utilizing SEM and ML 

not only gave the relationships concerning the research model a stronger validation but also revealed regions in which 

ML was superior to traditional SEM techniques. 

SEM analysis suggested the research model has moderate predictive power (R² from embedded IUM to SBN, M2 = 

0.492; attached SBN to ATT, M4 = 0.729). These is an indication that the model explains a large portion of variance in 

participants' intention to use Metaverse-based learning platforms. Of the nine hypotheses tested, the results provided 

strong support for seven of them (H1, H2, H3 and H4 in particular). 
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The results demonstrated that PEU influenced ATT (β = 0.566; P < 0.001) and SBN (β = 0.448, P < 0.05). These 

findings underscored that the perceived ease of use of Metaverse technologies among learners is a key factor in 

influencing their attitudes and social norms concerning adoption. Our findings are in line with earlier research on 

technology acceptance, which have found that perceived ease of use is one of the key predictors of attitudes toward 

emerging technologies [8]. 

PUS also had considerable direct effects on ATT (β = 0.514, P < 0.001) and SBN (β = 0.482, P < 0.001), indicating 

the vital role of perceived usefulness in generating good attitudes as well as social norms to accept Metaverse-based 

learning experiences positively. According to the Technology Acceptance Model (TAM) that claims perceived 

usefulness refers as an important variable which has a high predicting value on formulating users attitude towards 

technology acceptance [37], similar results could be found from the study mentioned earlier. 

In the case of IUM, SEM analysis further corroborated that ATT, SBN, and PBC were significant predictors (H5, 

H6, H7) of learners' intention to adopt Metaverse. The path coefficients were 0.326 of ATT, 0.641 SBN and then 0.516 

PBC, which indicate that both external (social norms) and internal (perceived control over using the technology) are 

strong motivators of adoption. These findings are in line with prior research highlighting the predictive role of perceived 

control for intention-to-behavior links, especially in a learning context [22]. 

Compared to SEM, the machine learning methods produced even more robust prediction performance where the J48 

decision tree classifier outly performed OneR and BayesNet approaches. The performance of J48 algorithm confirmed 

its effectiveness on ATT (H1, H3) to achieve 89.24% accuracy, as well as precision (89.12%) and recall (89.18%), while 

predicting different constructs. The accuracy of this level indicates the superiority of J48 in modeling intention toward 

Metaverse technologies with an acceptable level of precision better than traditional SEM methods. ML, in particular 

decision trees, are thus highly capable of capturing the effects nature of social norm on learners behaviour again in 

predicting SBN (H2,H4), J48 perform best among all achieving an accuracy of 82.67%, referring to Figure 5. 

These results are consistent with recent literature that highlights the advantages of ML algorithms in improving 

prediction accuracy and identifying complex patterns in data [38]. 

Most notably, J48 achieved the highest performance in predicting IUM, with an accuracy of 91.22%, as illustrated 

in Figure 6. This result indicates that ML is particularly well-suited for estimating behavioural intentions in technology 

adoption studies. The superior performance of ML in this context aligns with findings from similar studies that have 

used ML to predict user behaviour, where machine learning often exceeds the predictive capabilities of traditional 

methods like SEM.  

The findings from this study are consistent with prior research on technology adoption and the use of advanced 

modelling techniques. For example, , in their studies on TAM [8, 37], found that PEU and PUS are key determinants of 

user attitudes toward technology, a result corroborated by the current study. Similarly, studies using Ajzen (1991)’s [22] 

Theory of Planned Behavior (TPB) support the finding that SBN and PBC are significant predictors of IUM, as 

evidenced by this study’s path coefficients of 0.641 and 0.516, respectively. 

Nevertheless, the application of ML algorithms differentiates this study from much of existing research. Although 

SEM is often the only statistical method used to test hypotheses in this context, this study highlights better predictions 

brought by ML techniques such as J48. For example, Santos & Goncalves (2012) [39] found that similar studies usually 

produce higher R² values and predictive accuracy with ML models than traditional SEM techniques, which is consistent 

with the results of this study. Specifically, while IUM ML-based predictions were accurate up to 91.22%, the 

corresponding SEM R² value was low at 0.492, indicating that especially in more complex models lettered it can provide 

a much richer input to support behavioural intentions. 

6- Conclusion 

This research investigated the significant factors affecting Intention to Use Metaverse (IUM) among TESOL learners 

for immersive learning, applied either Structural Equation Modeling (SEM) or Machine Learning (ML) algorithms on 

the reported questionnaire-based data, and synthesized comprehensive evaluative conclusions. This study explored the 

impact of important variables including Perceived Ease of Use (PEU), Perceived Usefulness (PUS), Attitude (ATT), 

Subjective Norms (SBN) and Perceived Behavioral Control (PBC) in the adoption of Metaverse-based learning platform 

in TESOL field, especially at higher education institutions. The results showed that PEU and PUS, however, have a 

direct effect on students' Attitudes (ATT) and SBN that affect student use of the Metaverse. The SEM results indicated 

that in particular PEU significantly affected both ATT (β = 0.566) and SBN (β = 0.448), while PUS similarly 

significantly affected both ATT (β = 0.514) and SBN (β = 0.482). We found that users perspectives regarding ease of 

use and usefulness is a very important factors for the adaptation of some technology which aligns with several theories 

in this area like Technology Acceptance Model (TAM). In addition, ATT, SBN and PBC were identified as significant 

predictors of IUM; SBN had the strongest path coefficient (β = 0.641), suggesting that social influences are imperative 

for technology adoption. On the other hand, we showed that ML algorithms—J48 in particular—outperformed SEM for 

prediction. The J48 reached an accuracy of 91.22% on IUM prediction which was significantly higher than SEM R2 of 

0.492. These results emphasize the advantage of machine learning methods for improving predictive accuracy and 

modelling more complex relationships in behavioral research.  
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The study’s findings have several important implications for both educational institutions and policymakers. First, 

the strong impact of PEU and PUS on learners' attitudes and social norms suggests that user-friendly design and clear 

demonstrations of the learning benefits of Metaverse platforms are essential for encouraging adoption. Given that 50% 

of the participants reported irregular access to technology, addressing infrastructure challenges and providing students 

with greater access to digital tools is crucial for promoting equitable adoption of immersive learning platforms in 

TESOL. Furthermore, the significant role of SBN and PBC in predicting IUM highlights the importance of creating a 

supportive social and institutional environment that encourages the use of innovative educational technologies. 

Universities and educators should foster a culture that promotes the use of immersive learning platforms, providing 

necessary resources and training to ensure that both students and faculty can effectively integrate these technologies into 

their curricula. Despite the robust findings, this study has several limitations. The sample was limited to students in 

Jordan, which may reduce the generalisability of the results to other cultural and educational contexts. Moreover, the 

study primarily focused on TESOL programs, and thus future research could explore the adoption of Metaverse-based 

learning in other disciplines to broaden the scope of the findings. Another limitation is the self-reported nature of the 

survey data, which may introduce bias in responses related to technology use.  

Additionally, while the combination of SEM and ML provided a comprehensive analysis, future studies could 

employ longitudinal data to track changes in technology adoption behaviour over time. Future research could address 

these limitations by expanding the sample to include participants from different regions and educational systems. Studies 

could also explore how different teaching methods and curriculum designs can be adapted to fully leverage the 

capabilities of Metaverse-based learning platforms. Moreover, investigating the role of institutional support and faculty 

training in facilitating technology adoption would provide valuable insights into the mechanism of overcoming barriers 

to its widespread use. In addition, given the superior performance of ML techniques in this study, future research should 

further explore the integration of AI and ML models for personalised learning experiences in the Metaverse. By 

developing adaptive learning algorithms that cater to individual student needs, institutions can optimise the learning 

outcomes of immersive educational technology. 
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