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Abstract—This paper presents a Virtual Reality (VR)-based 

framework for evaluating English language proficiency in an 

immersive learning environment. Based on a dataset of 176,911 

participants, we analyzed reading, listening, speaking, and 

pronunciation activities, as well as vocabulary acquisition, 

writing exercises, and grammar correction. The translation 

tasks and language-learning results are complemented by 

behavioral indicators, including gesture frequency, reaction 

time, interaction depth, and session length. Multivariate 

regression results indicated a moderate proficiency level and 

weak associations between behavioral engagement and 

language outcomes. Neither the device type nor interaction 

metrics had a significant effect on overall proficiency level, and 

mediation testing further revealed no indirect effects via 

response latency. These results suggest that VR language skill 

learning does not depend on the quantity of behavioral activity 

and highlight the significance of task design and meaningful 

engagement. This framework is designed to help build future 

adaptive, scalable language assessment systems using 

immersive technologies to support fair, data-driven English 

language learning. 
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I. INTRODUCTION  

   

 

 

In recent years, immersive technologies such as AR and 

VR have emerged as powerful tools, providing students with 

authentic, real-world learning contexts. In language 

acquisition, these are new opportunities for situated practice, 

motivation, and multimodal interaction. The use of AR/VR in 

language learning builds on the growing demand for more 

engaging, efficient, and context-rich learning environments. 

Such tools place the learner in impactful, timely ways and 

provide experiences that are difficult to obtain through 

conventional methods of learning, such as experience-based 

or situated learning. VR, for instance, allows learners to 

reinforce language concepts through gestures, movement, 

and spatial navigation [1, 2]. 

Previous studies report that AR/VR environments enhance 

vocabulary, speaking, and writing skills, while also reducing 

anxiety and increasing motivation [3]. While language 

learning technology enhances user satisfaction and 

engagement, challenges remain regarding technical 

expertise, collaboration, instructional design, and 

implementation [4]. Multimodal Immersive Virtual Reality 

(MIVR) offers natural, authentic learning experiences but 

also presents challenges related to accessibility, cognitive 

load, and personalization [5]. 

While prior research confirms the general efficacy of 

AR/VR for language learning, it does not isolate which 

specific features, such as gesture-based interaction, real-time 

feedback, or gaze tracking. This lack of specificity constrains 

theory-driven, focused instructional interventions. Although 

AR/VR applications in education show positive effects, 

existing research does not specify which features, such as 

gesture-based interaction, real-time feedback, or gaze 

tracking, are responsible for the observed progress. (e.g., 

gesture-based interaction, real-time feedback, gaze tracking). 

In the absence of a rigorous model, it is challenging to distil 

what makes immersive learning effective and to develop 

focused interventions that work. 

This paper presents a data-driven model that maps various 

immersive learning characteristics, environment type (AR, 

VR, Hybrid), and device modality to measurable outcomes in 

language skill development. The model is based on 

multimodal analytics and uses a massive dataset of 250K+ 

AR/VR language-learning sessions available on Kaggle 

(“English Proficiency Assessment in AR/VR”). Aligned with 

the Common European Framework of Reference (CEFR) 

framework, we developed models using gesture count, 

response latency, gaze duration, and interaction depth as 

potential mediators of learning outcomes across eight skills: 

reading, listening, speaking, pronunciation, vocabulary, 

writing, grammar, and translation. The research is more 

conceptual and focuses on theoretical underpinnings and 

design considerations, but also indicates a prospective 

empirical test through statistical modeling, causal model 

analysis, and longitudinal validation in future work. 

A. Research Questions  

(1) What impact does immersion (AR, VR & Hybrid) have 

on learners’ competence in CEFR-mapped language 

skills: reading, listening, speaking, pronunciation, 

vocabulary, writing, grammar, and translation? 

(2) To what extent do multimodal behavioral cues, such as 

gesture count, gaze duration, response latency, and 

interaction depth, mediate learning in AR/VR? 

(3) How can AR/VR-based environments be used to support 

the development of equitable and adaptive language 

learning systems with multimodal analytics? 

B. Objectives of the Study 

(1) To diagnose English language proficiency scores in 
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Multimodal immersive language learning blends 

Augmented Reality (AR) / Virtual Reality (VR) / Mixed 

Reality (MR) technologies with educational theory to create 

highly interactive environments that engage learners not only 

visually and aurally but also through physical and 

sensorimotor participation; it requires learners to think 

physically and sensorially. This approach is transforming 

language instruction by providing authentic, meaningful 

content in immersive video-based contexts.
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various skill types from VR session learners’ 

performance data. 

(2) To investigate the influence of multimodal behavioral 

features (number of gestures, reaction time, and 

interaction depth) on English level achievement in VR 

environments. 

(3) To study the effects of users’ demographic and context 

factors on learning achievement and proficiency in using 

VR-based English teaching systems. 

This study examines the burgeoning body of SLA research 

on learning through immersion by reporting empirical results 

at scale on increases in English proficiency in AR/VR 

contexts. Drawing on a collection of 176,000+ learner 

interactions, this evidence shows that VR-based assessment 

can more authentically assess L2 performance than 

traditional methods. The results demonstrate the benefits of 

embedding behavioral-analytic metrics, e.g., gestures, 

latency, and interaction depth, into language evaluation 

frameworks, which is crucial for developing adaptive, 

data-driven learning systems in global English education. 

This paper aims to investigate English proficiency testing 

in AR/VR educational contexts with large-scale performance 

data. It seeks to determine how immersive interaction 

metrics, including reading, speaking, pronunciation, and 

behavioral engagement, are correlated with overall 

proficiency. Besides, it aims to present an SCBI-based VR 

arrangement and an evaluation model that combines 

behavioral measurement with VR technology for language 

tests that are far more authentic and adaptive. 

II. LITERATURE REVIEW 

A. AR/VR in Language Learning: Recent Benefits and 

Trends 

  

 

Prior work has investigated applications of AR as opposed 

to VR for language learning. AR has mainly been used for 

vocabulary learning (often in mobile apps or with handheld 

devices), while VR, notably through head-mounted displays, 

has been employed to enable immersive speaking and 

listening practice [6]. The application of AR has been on the 

rise in language learning, traditionally used for low-level 

cognitive and language skills such as word identification, 

meaning comprehension, and spelling, while less use is 

observed for higher-order critical skills such as reading and 

writing [9]. The literature reveals motivational advantages of 

AR/VR in language learning, but outcomes vary depending 

on the technology and proficiency level. AR supports 

vocabulary acquisition through visual augmentation, while 

VR enhances speaking and listening practice. No single 

technology is universally superior; effectiveness depends on 

the targeted language competencies. However, short-term 

studies do not reflect long-term comprehension, and 

large-scale investigations are required. 

B. Immersive Systems and CEFR-aligned Skill Assessment 

Immersive technologies, such as augmented reality and 

virtual reality, are increasingly being incorporated into 

language learning, with particular attention to appropriate 

skill assessment aligned with the CEFR. This harmonization 

is to enable measurement, standardization, and an 

internationally accepted assessment of language gains in 

immersion settings. 

Recent research suggests that VR environments can 

contribute to observable gains in targeted language skills, 

including fluency, accuracy, pronunciation, and 

communicative competence, as measured by CEFR-aligned 

pre- and post-assessments. For instance, VR interventions 

have generated sizable increases in learners’ CEFR levels on 

standardized speaking tests [10]. 

 

 

The integration of CEFR frameworks within immersive 

learning enables standardized, competency-based assessment 

in virtual environments. Evidence suggests that VR and AR 

effectively simulate real-world language use aligned with 

CEFR ‘can do’ descriptors, particularly for speaking and 

listening. But evaluating higher-order skills such as writing 

and mediation can be difficult. The ecosystem, however, 

doesn’t have a standard for validating automated assessments 

against  human-rated proficiency, even though online AI 

tools offer instant feedback and dynamic testing. Therefore, 

although CEFR-linked immersion testing is a useful 

development, it requires greater methodological rigor and the 

broader validation that comes from use in  diverse settings. 

C. Multimodal Interaction and Learning Analytics in 

Immersive Learning 

Online language learning environments offer rich 

multimodal forms of interaction beyond plain text or audio, 

and researchers are investigating such forms in language 

learning as well. Non-verbal communication is one of the 

keys. During face-to-face conversation, interlocutors use a 

rich array of Nonverbal Cues (NVCs), such as facial displays, 

eye gaze, manual gestures, body position, and interpersonal 

distance to transmit information and regulate turn-taking, 

while also producing feedback [13]. 

Many contemporary AR/VR and XR devices can capture 

speech, gestures, and gaze simultaneously, thereby enabling 

more naturalistic interaction for language learners. Recent 

investigations have also confirmed that multimodal 

applications attract users and that system integration leads to 

more efficient and user-friendly interactions [14]. 

Multimodal Learning Analytics (MMLA) analyzes, 

records, and processes data streams audio, video, and gaze to 

monitor learning indicators such as speech rate, 

pronunciation, focus, and engagement during interactive 

tasks [15]. Combining and synchronizing multiple data 

streams, protecting privacy, and scaling such systems to 
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In the last five years, AR and VR have emerged as 

promising tools for language education, with studies 

concerning both technologies growing at an unprecedented 

pace [6]. Importantly, immersion can give learners abundant 

practice in context, so learners are less anxious to use the 

target language [7]. Likewise, a 2022 meta-analysis provided 

substantial average evidence of the effect size for Extended 

Reality (XR) (including AR and VR) on language exposure 

(mean effect size ≈ 0.825), indicating extremely significant 

results across all levels of implementation [8].

Immersion contexts allow learners to participate in 

authentic communication (e.g., role plays, simulations) that 

reflect ‘can do’ descriptors within the CEFR, supporting 

assessment of language use within real-life situations [11]. 

Advances in Artificial Intelligence (AI) and ASR make 

testing more efficient and scalable, with real-time, 

CEFR-aligned feedback the norm and adaptive testing [12].



  

actual classrooms is challenging [16]. 

Multimodal analytics, including gesture, gaze, speech, and 

physiological data, offer rich insights into learner 

engagement within immersive environments by revealing 

interaction patterns alongside cognitive-affective states. Most 

researchers view these metrics as descriptive rather than 

instrumental to the models with which pieces of music are 

learned. Note that these systems face issues of 

synchronization, privacy, and scalability. The field needs to 

further clarify how, cross-modal behaviors map onto 

language acquisition to inform  pedagogy. 

D. Equity and Accessibility in Immersive Language 

Learning 

The literature also points to equity and accessibility 

concerns regarding the use of AR/VR for language learning, 

especially in low-resource schools and developing-world 

contexts. The digital divide needs to be tackled for immersive 

learning to become mainstream [17]. 

Unequal access to VR is partly attributable to disparities in 

learners’ technological familiarity, access, and opportunities 

for participation. This can cause some populations to perform 

or engage less. And early VR language programs often attract 

small, self-selecting student communities, which can 

exacerbate educational disparities. To achieve affordability 

and scalability, low-cost VR solutions are investigated, but 

require improvements [17]. 

High costs of immersive technology and unequal access to 

reliable infrastructure are a result of digital disparity, 

particularly for students in low-resource and developing 

contexts [18]. Many immersive language tools are not 

universally accessible to learners with disabilities (e.g., 

visual, auditory, cognitive) or lack built-in accommodations 

for screen readers, captions, or alternative input devices [19]. 

However, a lack of teacher training in both technology and 

inclusive pedagogy can serve as a barrier to successful, 

equitable enactment. Economic hardship, as well as language 

and cultural differences, may contribute to limited access to 

or engagement in immersive language learning [20]. 

It’s all about equity and access in immersive language 

learning, which are both critical and neglected. While 

barriers, including cost, digital literacy, and disability access, 

are recognised,  there are few examples of tested solutions 

for inclusivity. High-cost, next-generation VR does not 

reconcile with the requirement for low-cost  solutions in 

marginal areas. Additionally, content design often tends to 

overlook cultural and linguistic diversity. To realize more 

equitable approaches to language education,  future work 

should focus on developing and evaluating accessible, 

culturally responsive immersive learning models. 

E. Adaptive and AI-Driven Immersive Learning 

An AI-adaptive, immersive learning experience is turning 

the tide of English language teaching through personalized, 

interactive, and engaging experiences. These tools use 

artificial intelligence, VR, and machine learning to 

personalize instruction, feedback, and content to individual 

learners’ skills and needs, improving their language skills and 

motivation. 

Using AI to analyze learner performance in real time, 

adaptive systems provide personalized feedback and 

automatically adjust content to target areas such as 

pronunciation, grammar, vocabulary acquisition, and 

fluency. Research demonstrates that students using AI-driven 

platforms make substantial gains in vocabulary, grammar, 

and conversational ability, with progress up to 35% greater 

than with traditional methods [21]. 

VR and AI-based immersive environments facilitate 

interactive experiences of real-world language use, thereby 

increasing communicative proficiency and engagement. 

Findings from the experimental studies indicate that in 

immersive AI-supported VR environments, learners 

demonstrate better English proficiency and motivation 

compared with traditional classroom settings [22]. 

Data privacy, algorithmic bias, and fair access are all key 

issues as AI is increasingly integrated in language  

learning [23]. The successful application is based on teacher 

training and meaningful connection to pedagogical aims [24]. 

The current AI-based technology-enhanced English 

teaching system that combines virtual and augmented reality 

has improved students’ writing and oral fluency while 

ensuring high efficiency and stability. An AI-assisted 

adaptive multilingual learning system tailored to students’ 

proficiency level, linguistic background, and learning style 

aids students in gaining fluency. 

Personalised and AI-powered gamification. Immersive 

learning has been shown to significantly impact the adoption 

of English, thanks to tailored instruction, high-quality 

engagement, and meaningful practice opportunities [25]. 

Despite evidence of increased proficiency and motivation, 

continued care is needed to ensure ethical, practical, and 

pedagogical integration and maximize benefit [26]. 

AI-powered adaptive systems enhance the immersive 

language learning experience with instantaneous feedback 

and content tailored to individual proficiency levels, 

bolstering vocabulary retention, grammatical accuracy, and 

fluency in speaking. Issues at stake are relational algorithmic 

efficiencies, pedagogic transparency, and learner  agency, as 

well as algorithmic bias and privacy issues. For optimal 

effectiveness, we recommend  integrating ethical AI design 

with teacher oversight and strategies that account for 

students’ needs. 

F. Immersive Learning and Multimodal Interaction 

Theories 

The use of technology to facilitate learning, known as 

immersive learning, employs VR, AR, and MR to foster 

interactive and of educational experiences. The theories and 

designs underlying these environments increasingly 

incorporate, multimodal interaction, the combination of 

visual, auditory, haptic, and other sensory channels of 

information, which facilitates learning and engagement. 

Cognitive Theory of Multimedia Learning (CTML) 

suggests that individuals learn more when information is 

presented through both verbal and visual channels, but each 

channel has limited capacity. Instructional design should 

focus on reducing extraneous cognitive load and facilitating 

active, generative learning by attending to how learners can 

be involved in selecting, organizing, and integrating 

information [27]. 

Theories such as the Embodied, Enacted, Embedded, and 

Extended (4Es) cognition illustrate that learning in 

immersive environments is closely tied to physical 

engagement, presence, and the integration of perception and 
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action within digital spaces [28]. 

Immersive worlds frequently draw on theories of 

constructivist, experiential, and collaborative learning, 

focusing on activity-based interaction, contextualisation 

within real-world experience, and social engagement [28]. 

MMLA leverages multimodal data (e.g., gameplay, eye 

tracking, facial expressions, physiology) to model cognitive, 

affective, and social learning processes. Theories such as 

embodied cognition and cognitive load theory are often 

employed to interpret this data and guide adaptive  

support [29]. 

Combining digital, physical, physiological, and 

psychometric data enables more precise predictions of 

learning outcomes and supports real-time personalized 

feedback [30]. 

Immersive learning environments are most effective when 

grounded in strong educational theories, particularly those 

related to multimodal processing, embodiment, and active 

social learning. New research highlighting the importance of 

multimodal data and analytics to personalize and optimize 

learning, together with the need for theory-driven design, 

practical frameworks to inform implementation & 

evaluation. 

The literature reviewed shows that engaging in immersive 

VR spaces has the potential to revolutionise learning within 

the English as a Foreign Language (EFL) classroom by 

offering authentic, interactive, and multimodal learning 

environments. Previous work has shown strong gains in 

speaking fluency, vocabulary recall, and learner motivation, 

but there is fragmented evidence of how specific behavioral 

indicators (e.g., gesture use, gaze patterns, and latency) 

mediate these improvements. In addition, only a few 

researchers have ever investigated the combined impact of 

both demographic and contextual factors in VR learning 

systems. Hence, the present study aims to fill these gaps by 

exploring how VR-enacted interactions specifically 

contribute towards CEFR-aligned learner outcomes in 

English Language proficiency, identifying the underlying 

behavioural processes behind successful learning, and 

discovering an adaptive framework for more equitable and 

data-informed instructional support. In light of this purpose, 

the current study contributes to both empirical and 

pedagogical development in immersive language teaching. 

III. MATERIALS AND METHODS 

A. Dataset Description 

This study employed the English Proficiency Assessment 

in AR/VR dataset, which is publicly accessible on Kaggle 

(Dataset Engineer, 2024). The dataset comprises 252,782 

anonymized learner-session instances collected from a a 

large-scale VR-based English-language learning platform. 

Each instance is a user session and contains demographic, 

behavioral, and learning-performance-related features. The 

main outcome measures are related to the CEFR and span 

eight skills: reading accuracy, listening comprehension, 

speaking fluency and pronunciation accuracy; vocabulary 

use; writing fluency and quality (including written range); 

grammatical accuracy; translation ability. 

B. Data Preparation 

The original dataset contained 252,782 learner sessions. 

After a multi-step cleaning process to ensure data integrity 
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and analytical quality, a final sample of 176,911 sessions was 

retained. Incomplete records sessions missing any of the 

eight CEFR-aligned proficiency scores or key behavioral 

variables (gesture count, response latency, interaction depth, 

session duration) were excluded (n = 48,221). Second, outlier 

sessions with extreme or technically implausible values were 

excluded: session duration from less than 2 min to more than 

120 min (n = 12,500), response time from below 100 ms to 

above 5000 ms (n = 9150), and number of gestures in the top 

s percentile (n = 6000). Lastly, sessions that showed bot-like, 

duplicated, or similar interaction behavior were rejected 

(n = 5000). This cleaning approach yielded a robust, 

high-quality dataset suitable for reliable statistical analysis 

while preserving ecological validity.

C. Variables and Measures

Dependent Variables (Language Proficiency Scores): 

CEFR-aligned skill scores measuring proficiency in reading, 

listening, speaking, pronunciation, vocabulary, writing, 

grammar, and translation. Independent Variables (VR 

Behavioral Indicators): Gesture count, response latency, 

average interaction depth, and session duration, which reflect 

the learner’s level of engagement and interaction in the 

immersive VR environment. Covariates (Demographic and 

Contextual): Age group, gender, native language, education 

level, country/region, and device type (VR headset, tablet, or 

desktop).

Embodied Cognition, Cognitive Load Theory, and 

Multimodal Learning Analytics are key theoretical 

frameworks for designing immersive language environments. 

Nevertheless, research tends to employ these theories post 

hoc rather than experimental investigations based on 

hypotheses. Only a small number of studies have investigated 

whether decreased cognitive demand in VR is associated 

with language gains or how gestures may support syntactic 

processing. Further studies are suggested to adopt a 

theory-based experimental design, compare two or more 

training programs, and evaluate the effectiveness of learning 

and cognitive/affective processing.

D. Research Design

The study employed a quantitative correlational research 

design to examine the association between learners’

behavioral engagement and their English proficiency 

outcomes when using VR for learning. Comparison between 

device types and demographic groups was used to show 

variation in performance and engagement. The objective of 

the study was to identify patterns of proficiency gains related 

to general interaction features in VR/AR.

E. Population and Context of Study

The research used data from a large international sample of 

176,911 students participating in AR/VR-supported English 

language learning programs worldwide. The English 

Proficiency Assessment in AR/VR dataset (Kaggle, 2024) 

presents a heterogeneous group with immersive-based 

learners from several regions. While country identifiers were 

de-identified, the overall speakers represented a diverse 

learner population, supporting a sample representative of 

worldwide ELLs. Learners’ proficiency levels ranged from 

basic to advanced, allowing a wide spectrum of language 

skill development in reading, listening, speaking, and 

pronunciation to be examined.



  

IV. RESULT AND DISCUSSION 

In this section, we present the results of the statistical 

analysis and discuss their implications for immersive AR/VR 

language learning. Findings are structured from descriptive 

summaries to inferential models, then to an integrated 

discussion that relates quantitative findings to the theoretical 

framework. 

Learners’ performance was summarized through 

descriptive analyses on core English proficiency domains: 

reading, listening, speaking, pronunciation, vocabulary, 

writing, grammar, and translation. Behavioral factors 

included the number of gestures, response latency, depth of 

interaction within sessions, and session duration. 

Tables 1 and 2 show that they are balanced, as the mean 

scores for the reading and listening approaches are about 

70%, indicating moderate competence among VR learners. 

The low standard deviations indicate the consistency of 

learners’ results. Median values of 70 and upper quartiles in 

the 80–85 range illustrate a good understanding among high 

performers, while lower {minimum} values indicate more 

help is required for weaker students. Taken together, these 

findings suggest that VR tools offer a standardized setting for 

measuring receptive language skills, promoting equitable 

skill development among the participants. 
 

Table 1. Descriptive statistics—core proficiency variables (N = 176,911) 

Variable N Mean SD Minimum 

Reading Accuracy 176,911 70.01 17.30 40.00 

Listening Comprehension 176,911 69.90 14.71 20.00 

 

Table 2. Descriptive statistics—percentile metrics (N = 176,911) 

Variable 25th Percentile Median 75th Percentile Maximum 

Reading Accuracy 55.10 70.00 85.00 100.00 

Listening Comprehension 59.90 70.00 80.20 100.00 

 

Table 3. Descriptive statistics for oral proficiency, behavioral metrics, and session duration (N = 176,911) 

Variable Mean SD Minimum 25th Percentile Median 

oral and pronunciation proficiency 
Speaking Fluency Score 0.40 0.20 0.00 0.24 0.39 

Pronunciation Score 0.60 0.20 0.01 0.46 0.61 

oral proficiency and pronunciation 
Speaking Fluency Score 0.40 0.20 0.00 0.24 0.39 

Pronunciation Score 0.60 0.20 0.01 0.46 0.61 

gesture and response metrics 
Gesture Count 29.54 17.32 0.00 15.00 29.00 

Response Latency (ms) 600.85 197.84 150.00 465.00 600.00 

session duration metrics Session Duration (min) 25.02 7.96 5.00 19.60 25.00 

 

    

    

    

 

   

   

   

    

 

Tables 3 and 4 reveal the moderate oral proficiency among 

learners, with speaking fluency mean score (0.40), 

pronunciation accuracy mean score (0.60), demonstrating 

emergent communicative competence within VR-based 

environments. The small standard deviations indicate that 

performance across subjects is quite consistent. Vocabulary 

usage scores, with a 75th percentile of 68.50 and a maximum 

of 100, indicate lexical diversity among advanced learners. 

Together, these findings indicate that immersive practice 

promotes pronunciation accuracy and vocabulary acquisition, 

underscoring the potential value of VR for active language 

production and sustained oral proficiency development. 

Writing, grammar, and translation scores are reported as 

percentages (0–100). The results indicate moderate writing 

performance (M = 60.05, SD = 14.90) and grammar accuracy 

(M = 62.49, SD = 18.73), with higher variability in translation 

skills (M = 50.01, SD = 23.99). The interquartile ranges 

suggest a steady progression toward higher linguistic 

accuracy and translation proficiency among VR learners. 

Behavioral metrics represent learners’ engagement and 

interactivity within the VR environment. The mean gesture 

count (M = 29.54, SD = 17.32) and moderate response 

latency (M = 600.85 ms, SD = 197.84) indicate active yet 

varied learner participation. Average interaction depth  

(M = 7.90, SD = 7.22) shows consistent engagement levels 

with considerable variability, reflecting different exploration 

patterns across VR sessions. 
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Table 4. Descriptive statistics for vocabulary, interaction depth, and session duration percentile metrics (N = 176,911)

Variable 75th Percentile Maximum

vocabulary proficiency Vocabulary Usage Score 68.50 100.00

interaction depth metrics

Gesture Count 45.00 59.00

Response Latency (ms) 735.00 1500.00

Average Interaction Depth 11.10 30.00

session duration percentile distribution Session Duration (min) 30.40 60.00

Session duration represents the total time learners spent 

actively engaged in each VR-based English learning session. 

The mean session length (M = 25.02 min, SD = 7.96) 

suggests consistent engagement across sessions, with most 

learners spending approximately 20–30 min per session. The 

maximum recorded duration of 60 min indicates sustained 

attention in extended learning activities for a subset of users.

The correlation matrix revealed no substantive correlations 

between proficiency and behavioral measures (all r < 0.01). 

This suggests that language skill performance in VR is not 

dependent on raw quantitative behavioral measures such as 

gesture frequency, response latency, or interaction depth. In 

other words, students’ progress is not directly linked to how 

much or quickly they move in VR, suggesting that qualitative 

features of our activities (e.g., task design, instructional 

setting) might be more important than raw behavioural

engagement.

To examine whether the type of device used by learners 

influenced language proficiency outcomes, a Multivariate 

Analysis of Variance (MANOVA) was conducted. The eight 

CEFR-aligned proficiency scores (reading, listening, 

speaking, pronunciation, vocabulary, writing, grammar, and



translation) served as dependent variables. At the same time, 

device type (VR headset, tablet, AR mobile, desktop) was 

entered as a fixed factor. The results, presented in Table 5, 

indicate no statistically significant multivariate effect of 

device type on language proficiency outcomes. 

Table 5. Multivariate Analysis of Variance (MANOVA) results for the effect of device type on language proficiency outcomes (N = 176,911) 

Effect Test Statistic Value Num DF Den DF F Value Sig. (p) 

Intercept 

Wilks’ Lambda 0.0352 8 176,900 605,572.35 / 

Pillai’s Trace 0.9648 8 176,900 605,572.35 / 

Hotelling-Lawley Trace 27.3860 8 176,900 605,572.35 / 

Roy’s Greatest Root 27.3860 8 176,900 605,572.35 / 

Device Type 

Wilks’ Lambda 0.9999 24 513,064.42 0.85 0.6777 

Pillai’s Trace 0.0001 24 530,706.00 0.85 0.6777 

Hotelling-Lawley Trace 0.0001 24 383,276.14 0.85 0.6777 

Roy’s Greatest Root 0.0001 8 176,902.00 1.96 0.0471 

To investigate the extent to which behavioural engagement 

metrics predict overall English proficiency in VR-based 

language learning, a multiple linear regression analysis was 

conducted. The behavioural predictors included gesture 

count, response latency, average interaction depth, and 

session duration. Overall proficiency, calculated as the mean 

of the eight CEFR-aligned skill scores, served as the 

dependent variable. The regression coefficients, standard 

errors, and significance levels are presented in Table 6. 

Multiple regression analysis explored predictors of mean 

proficiency scores. Results indicated that session duration 

was a statistically significant but weak predictor (p < 0.05), 

while gesture count and response latency were not 

significant. 

To assess the precision of the regression estimates, 95% 

confidence intervals were calculated for each predictor. As 

shown in Table 7, the confidence intervals for gesture count, 

response latency, and average interaction depth include zero, 

indicating non-significant effects on proficiency. Only 

session duration demonstrates a positive but minimal effect, 

with its lower bound approaching zero. 

Mediation analysis revealed no significant indirect effect 

of response latency on the relationship between gesture count 

and proficiency. 

Table 6. Regression coefficients and significance (N = 176,911) 

Predictor Coefficient (B) Std. Error t-value Sig. (p) 

Constant 45.9497 0.066 693.558 0.000 

Gesture Count 0.0004 0.001 0.458 0.647 

Response Latency 0.0000116 0.000068 0.170 0.865 

Avg. Interaction Depth 0.0006 0.002 0.316 0.752 

Session Duration 0.0035 0.002 2.047 0.041 

Table 7. Confidence intervals for regression coefficients (N = 176,911) 

Predictor 95% CI Lower 95% CI Upper 

Constant 45.820 46.080 

Gesture Count −0.001 0.002 

Response Latency −0.000 0.000 

Avg. Interaction Depth −0.003 0.004 

Session Duration 0.000 0.007 

Model Summary-R² = 0.000, Adjusted R² = 0.000, 

F(4, 176906) = 1.13, p = 0.340 

The regression model examined the effect of four 

behavioral metrics, gesture count, response latency, average 

interaction depth, and session duration, on overall English 

proficiency. The predictors collectively explained negligible 

variance (R² = 0.000, p > 0.05). Only session duration 

showed a weak positive effect (B = 0.0035, p = 0.041), 

indicating that longer engagement slightly improves 

proficiency. 

The regression model yielded an R² of 0.000, indicating 

that behavioral metrics collectively explain virtually no 

variance in proficiency scores. This suggests that VR 

language learning is not merely a function of interaction 

frequency or speed but is likely influenced by qualitative 

factors such as task design, contextual relevance, feedback 

quality, and learner agency. 

Our findings challenge simplistic interpretations of 

embodied cognition, suggesting that physical interaction 

alone is insufficient for linguistic gains without meaningful 

engagement. It indicates that the  VR courseware should 

integrate physical actions with communication acts to 

improve language processing. Future systems should focus 

more on the relevance of motion to language  use than on its 

magnitude. 

Fig. 1. Correlation heatmap of proficiency and behavioral metrics (VR 

learners). 

Fig. 1 illustrates the correlation heatmap between English 

language proficiency measures and behavioral engagement 

variables among VR learners. The color gradient represents 

the Pearson correlation coefficients, with dark red indicating 

stronger positive relationships and dark blue representing 
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weak or no correlation. 

The heatmap shows minimal inter-variable relationships 

across all proficiency and behavioral metrics. The diagonal 

dominance of red squares indicates perfect self-correlations, 

while the surrounding blue regions signify near-zero 

relationships between distinct variables. This confirms that 

no single behavioral feature (gesture count, latency, 

interaction depth, or session duration) strongly correlates 

with proficiency outcomes such as reading, listening, or 

writing accuracy. 

Fig. 2. Distribution of mean proficiency across device types (VR learners). 

Fig. 2 shows the distribution of mean English proficiency 

scores across four device types (VR Headset, Tablet, AR 

Mobile, and Desktop). Each boxplot represents the median, 

interquartile range, and outliers for proficiency performance 

among VR learners using different hardware setups. 

The boxplot indicates that mean proficiency scores remain 

consistent across all device types, with median values 

clustering around 45–50. The small interquartile ranges and 

overlapping distributions demonstrate minimal variance, 

aligning with the MANOVA findings that device type had no 

statistically significant effect on proficiency (p > 0.05). This 

consistency highlights that learning outcomes in immersive 

environments are hardware-independent, confirming that 

VR-based English learning can be effectively delivered 

across multiple devices without compromising instructional 

quality or learner performance. 

Fig. 3. Relationship between gesture count and English proficiency (VR 

learners). 

Fig. 3 depicts a scatter plot of the relationship between 

gesture count and mean English proficiency scores among 

VR learners. The red regression line indicates the line of best 

fit. Data points represent individual learners, with gesture 

frequency on the x-axis and proficiency score on the y-axis. 

The scatterplot shows a nearly flat regression line, indicating 

an extremely weak relationship between gesture count and 

English proficiency (B = 0.0004, p = 0.647). The distribution 

of data points is wide but uniform, suggesting that increased 

physical interaction (gestures) does not correspond to 

measurable improvements in proficiency performance. This 

finding aligns with the regression results, confirming that 

gesture-based engagement alone does not predict language 

acquisition in VR contexts. These results highlight that 

qualitative engagement, such as contextual feedback or 

immersive task design, may be more influential than raw 

motion frequency for skill development in virtual learning 

environments. 

Fig. 4. Response latency vs. English proficiency (VR learners). 

Fig. 4 presents a scatter plot illustrating the relationship 

between response latency and mean English proficiency 

among VR learners. Each data point represents a learner, with 

response latency (in milliseconds) plotted on the x-axis and 

mean proficiency on the y-axis. The green regression line 

represents the best-fit trend across all observations. The 

scatterplot demonstrates a near-zero slope, revealing no 

meaningful relationship between response latency and 

proficiency (B = 1.15e−05, p = 0.865). Learners with shorter 

or longer latencies show comparable proficiency levels, 

suggesting that response speed does not contribute 

significantly to language outcomes in VR learning 

environments. This finding reinforces the regression 

analysis, indicating that behavioral timing metrics, such as 

latency, are not predictive of English proficiency. The wide, 

uniform spread of data implies that learners’ performance 

remains stable regardless of their reaction time during 

interactive VR tasks, highlighting the independence of 

linguistic skill acquisition from temporal engagement 

metrics. 

Overall, our results demonstrate the potential of immersive 

AR/VR systems for ensuring a reliable, consistent, and 

equitable environment for language skill assessment. 

Although the use of behavioural indexes extends the 

conception of learner engagement, linguistic attainment is 

still more directly predicted by cognitive and affective 

aspects of learning. The findings are consistent with 

developments concerning immersive learning theory and 

multimodal learning analytics, and suggest that integrated 

AR/VR environments can serve as a valuable adjunct to 

traditional CEFR-based assessment systems. 

V. CONCLUSION

In this study, we proposed and empirically investigated a 
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VR-based English assessment model that combines 

multimodal behavioral data with CEFR-aligned language 

performance measures. Based on a large dataset of 176,911 

learner interactions, results indicate moderate proficiency 

levels across reading, listening, writing, and grammar tasks; 

however, these outcomes were not predictive of higher 

engagement in subsequent tasks or assessments. 

The next step could also consider cross-linguistic 

validation by testing the model across other languages and 

proficiency levels to increase generalization. In the future, it 

remains to be seen how task design factors, e.g., narrative 

coherence, type of feedback, or cognitive challenge, 

moderate the relation between engagement and language 

gains. Moreover, by using Generative AI and NLP for 

automated speech feedback and personalised learning 

pathways, it opens up the potential of turning immersive 

assessment into an intelligent system, one that learns 

continuously. Interdisciplinary efforts involving linguists, 

cognitive scientists, and technologists are needed to create 

ethically responsible, inclusive data-driven AR/VR learning 

environments that offer new standards or understanding of 

how language proficiency is examined and learned in virtual 

settings. 

The behavioral measurements, such as gesture count and 

response latency, explained a negligible amount of the 

variance in proficiency scores (R² = 0.000), according to the 

regression model. This is in stark contrast to the belief that 

more time and active involvement necessarily result in better 

learning. This is consistent with cognitive load theory and 

can be taken to mean that ongoing bodily  interactions 

among children may subvert verbal processing, provided the 

task or tasks are not well-designed. It is also consistent with 

embodied cognition, predicting that gestures facilitate 

learning, but only when in harmony with goals. The findings 

underscore that the potency of behavioral engagement is 

contingent upon pedagogical integration, a premise that has 

scarcely been examined empirically in prior work. 

This study demonstrates that VR-mediated language 

learning can engender sustainable skills through the quality 

of immersive tasks, rather than on mere behavioural 

engagement. The gains through learning will be the 

pedagogical quality and communicative task-based validity, 

with special emphasis on the distinction between activity and 

real practice in multimodal language study. A personal 

adaptive, contextualised scenario-based model for language 

learning: Developing technology for language teaching and 

learning. 

VI. LIMITATIONS OF THE STUDY 

The qualitative aspects of the study, including both 

positive and negative attitudes, depend on the quality of the 

learning activities. While this study was based on a large 

dataset and offered a novel framework for VR-mediated ELP 

(English Language Proficiency) assessment, it had some 

limitations. First, the study used secondary data from 

previously conducted VR learning sessions, which limited 

control over instruction conditions, learner characteristics, 

and contextual factors such as task difficulty and motivation. 

However, computing total sums (e.g., total count) might 

obscure meaningful temporal/sequential interaction patterns 

that are more indicative of learning outcomes. Second, the 

study focused solely on quantitative performance and 

behaviour indicators, ignoring feedback or emotional 

engagement, which might also help explain differences in 

proficiency. Third, technical parameters, such as headset 

resolution and latency across devices and settings, as well as 

environmental parameters, were not normalized, which might 

have caused a slight mismatch in measurements. Lastly, the 

framework is pending longitudinal validation and real-world 

experimental demonstration, which will be necessary to 

establish causal links and generalization across different 

learning populations and linguistic environments. Notably, 

the use of aggregate behavioral metrics may have obscured 

meaningful temporal patterns in learner interaction, which 

could explain the weak relationship between these metrics 

and proficiency outcomes. 
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