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Abstract 

The rapid integration of Artificial Intelligence (AI) into English Language Teaching (ELT) has 

transformed Computer-Assisted Language Learning (CALL) from passive instructional delivery 

to adaptive, highly personalized learning environments. This study presents a systematic 

empirical investigation into the impact of AI-assisted language learning tools on objective 

English language learning outcomes, psychological motivational shifts, and multi-dimensional 

student engagement. Utilizing a mixed-methods empirical design, quantitative data were 

collected from a stratified sample of 350 undergraduate English as a Foreign Language (EFL) 

students across public and private universities, supplemented by pre- and post-intervention 

language proficiency tests. The empirical findings indicate statistically significant gains in 

overall linguistic proficiency following AI-mediated instruction, with the highest mean score 

enhancements observed in speaking fluency ($t = 14.82, p < 0.001$) and writing mechanics ($t = 

12.65, p < 0.001$). Furthermore, regression analysis confirms that reduced foreign language 

anxiety ($\beta = 0.384, p < 0.001$) and elevated cognitive engagement ($\beta = 0.312, p < 

0.001$) serve as primary predictors of proficiency acquisition. While behavioral and affective 

engagement remain consistently high, cognitive engagement requires scaffolded pedagogical 

design to prevent passive over-reliance on AI text generation. Based on these findings, an 

integrated pedagogical model is proposed, offering concrete strategies for curriculum integration, 

teacher training, and institutional policy implementation. 

 
Keywords: Artificial Intelligence in Education (AIED), English Language Teaching (ELT), 

Learning Outcomes, Foreign Language Anxiety, Learner Motivation, Student Engagement, 

Regression Analysis. 
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1. Introduction 

 

The global hegemony of English as the primary medium of academic discourse, international 

business, and technological exchange has created an unprecedented demand for effective English 

as a Second/Foreign Language (ESL/EFL) instruction. Traditional language pedagogy often 

struggles to accommodate diverse learner capabilities due to structural constraints such as large 

class sizes, rigid institutional curricula, limited opportunities for individualized interaction, and 

variable teacher feedback timelines. Furthermore, many EFL learners experience acute foreign 

language anxiety (FLA), which hinders their willingness to communicate in face-to-face 

classroom settings. 

 

Over the past decade, advancements in Artificial Intelligence in Education (AIED)—specifically 

Natural Language Processing (NLP), Automatic Speech Recognition (ASR), adaptive machine 

learning algorithms, and Large Language Models (LLMs) have introduced novel paradigms for 

language acquisition. AI-Assisted Language Learning (AI-ALL) platforms function not merely 

as static practice repositories, but as dynamic conversational partners and automated evaluators 

capable of diagnosing micro-level syntactic, phonetic, and semantic errors in real time. 

 

Despite the rapid institutional adoption of platforms such as automated writing assistants, speech 

recognition tutors, and generative AI chatbots, empirical research evaluating their holistic 

educational impact remains fragmented. Existing studies frequently isolate singular skill metrics 

(e.g., automated grammar correction) while omitting the complex interaction between objective 

learning outcomes, internal psychological motivation, and multi-dimensional engagement 

profiles. This study addresses this critical gap by conducting a multi-variable empirical 

assessment of AI-assisted English language learning. 

 

2. Review of Literature 

 

2.1 Theoretical Framework and Evolution of CALL to AIED 

 

Computer-Assisted Language Learning (CALL) has evolved from linear, rule-based drill-and-

practice programs to adaptive, AI-driven educational technology (Levy, 1997; Holmes et al., 

2019). Early structuralist approaches emphasized repetitive syntax drills, whereas contemporary 

AIED frameworks leverage neural networks and natural language understanding to offer 

contextualized, open-ended communicative practice (Luckin et al., 2016; Zhai, 2021). 
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1. Cognitive Load Theory (Sweller, 1988): AI applications optimize working memory by 

automating formative feedback, thereby reducing extraneous cognitive load and enhancing 

germane cognitive processing required for schema acquisition. 

 
2. Self-Determination Theory (Ryan & Deci, 2000): AI-ALL platforms fulfill core psychological 

needs for autonomy (self-paced learning), competence (instantaneous, non-evaluative mastery 

feedback), and relatedness (simulated interactive communication). 

 

2.2 Empirical Scholarship on AI Interventions and Skill Acquisition 

 

Empirical studies demonstrate varying degrees of efficacy across macro-linguistic skills: 

 

1. Speaking and Pronunciation: Research by Kim (2020) and Schadler (2021) establishes that 

Automatic Speech Recognition (ASR) tools significantly enhance suprasegmental speaking 

features (pitch, stress, intonation) by providing visual acoustic feedback without the affective 

barrier of peer evaluation. 

 
2. Writing and Automated Writing Evaluation (AWE): Studies on AWE systems (e.g., Zhang, 

2020; Li et al., 2021) indicate significant improvements in surface-level mechanical accuracy 

and grammatical precision. However, scholars caution that Generative AI writing assistants can 

encourage stylistic conformity and passive text generation if not accompanied by critical prompt 

engineering instruction (Yan, 2023). 

 

2.3 Motivational Shifts and Language Anxiety 

 

1. Foreign Language Anxiety (FLA) remains one of the most prominent affective barriers to 

SLA (Horwitz et al., 1986). Recent literature emphasizes that interactive AI agents create a "low-

stakes" environment where error making carries minimal socio-emotional cost (Fryer et al., 

2019; Huang et al., 2022). Consequently, learners exhibit higher Willingness to Communicate 

(WTC). Nevertheless, Lee (2022) notes that sustaining intrinsic motivation beyond the initial 

"novelty effect" of AI interfaces requires structured pedagogical integration and real-world 

communicative authenticity. 

 

3. Problem of the Study 

 

Despite the widespread adoption of AI tools in English language learning, educators and policy-

makers face three central empirical problems: 



Volume: 13, Series:8. Issue: August, 2026.                                            IRJA-Indian Research Journal 

ISSN: 2347-7695 

1. Uncertainty Regarding Skill Transfer: While AI tools provide instant corrections, there is 

limited consensus on whether automated feedback translates into autonomous, long-term 

linguistic competence or merely short-term task execution. 

 
2. Psychological Ambiguity: The exact mechanism by which AI interaction transforms extrinsic, 

gamified motivation into sustained intrinsic motivation and mitigates foreign language anxiety— 
 
remains insufficiently quantified in current empirical literature. 

 

3. The Risk of Cognitive Offloading: High behavioral engagement (active screen time, rapid 

prompt submission) often masks low cognitive engagement. Learners frequently accept AI 

corrections passively without internalizing underlying grammatical rules or analyzing stylistic 

revisions. 

 

Without empirical analysis directly measuring the structural relationships between these 

variables, educational institutions risk investing in AI platforms on superficial grounds without 

achieving meaningful educational outcomes. 

 

4. Objectives of the Study 

 

This study aims to achieve the following empirical objectives: 

 

1. To measure pre-test and post-test language proficiency gains across four macro-skills 

(speaking, writing, reading, listening) among students utilizing AI-assisted learning tools. 
 

2. To evaluate shifts in student motivation and foreign language anxiety levels before and 

after AI intervention. 
 

3. To assess the levels of behavioral, affective, and cognitive engagement demonstrated by 

learners during AI-assisted instruction. 
 

4. To analyze the predictive relationship between psychological affective factors, 

engagement dimensions, and overall language proficiency gains. 
 

5. To formulate an evidence-based pedagogical framework for effective AI integration in 

ELT classrooms. 

 
5. Research Methodology 

 

5.1 Research Design 
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This study adopted an empirical quasi-experimental pre-test/post-test research design 

supplemented by a quantitative survey instrument. The intervention spanned a 12-week academic 

semester, during which participants engaged in 3 hours per week of scaffolded AI-assisted 

English language instruction utilizing certified ASR, AWE, and Generative AI conversational 

tools. 

 

5.2 Population and Sampling Technique 

 

The target population comprised undergraduate EFL students enrolled in tertiary-level English 

courses. A stratified random sampling method was employed to select N = 350 participants 

across diverse academic disciplines, gender demographics, and baseline proficiency levels. 

 

5.3 Data Collection Instruments 

 

1. Standardized English Language Proficiency Test (Pre- and Post-Test): A validated 100-mark 

assessment evaluating Speaking (25), Writing (25), Reading (25), and Listening (25). 

 
2. AI-ELT Survey Questionnaire: A 5-point Likert scale instrument (1 = Strongly Disagree to 5 

= Strongly Agree) measuring Motivational Constructs, Foreign Language Anxiety (adapted from 

FLCAS), and Student Engagement Dimensions (Behavioral, Affective, Cognitive). The overall 

survey demonstrated high internal consistency (Cronbach’s α = 0.892). 

 

5.4 Data Analysis Techniques 

 

Quantitative data were processed using statistical analysis software. Analytical techniques 

included descriptive statistics (frequencies, percentages, means, standard deviations), paired-

sample t-tests to evaluate pre- versus post-intervention performance, and multiple linear 

regression analysis to identify key predictors of language acquisition success. 
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6. DATA ANALYSIS AND INTERPRETATION 

Table 1: Demographic Profile of the Respondent Sample (N = 350) 

Variable Category Frequency (n) Percentage (%) 
 

    
 

Gender Male 162 46.29 
 

    
 

 Female 188 53.71 
 

    
 

Academic Discipline Humanities & Social Sciences 105 30.00 
 

    
 

 STEM 148 42.29 
 

    
 

 Business & Economics 97 27.71 
 

    
 

Prior AI Experience Novice (< 6 months) 112 32.00 
 

    
 

 Intermediate (6–18 months) 176 50.29 
 

    
 

 Advanced (> 18 months) 62 17.71 
 

    
 

Baseline   Proficiency A2 (Elementary) 94 26.86 
 

(CEFR) 

   
 

B1 (Intermediate) 182 52.00 
 

    
 

 B2 (Upper-Intermediate) 74 21.14 
 

    
 

 
 
 

Interpretation: Table 1 outlines the demographic structure of the participant sample (N = 350). 

The gender distribution is relatively balanced, with 53.71% female and 46.29% male 

participants. The sample spans multiple disciplines, dominated by STEM students (42.29%), and 

followed by Humanities (30.00%) and Business (27.71%). A majority of respondents (50.29%) 

possessed intermediate experience with AI tools prior to the study. Baseline Common European 

Framework of Reference for Languages (CEFR) mapping indicated that 52.00% of participants 

were at the B1 level, ensuring a representative sample of mainstream tertiary EFL learners. 

 

Table 2: Paired-Sample t-Test Analysis of Language Skill Outcomes (Pre- vs. Post-Test) 

   Post- 
Post- Mean 

   
 

 
Pre-Test Pre-Test Test 

   
 

Skill Domain Test Gain t-value p-value Cohen's d 
 

Mean (μ1) SD Mean 
 

 
SD (Δ) 

   
 

   
(μ2) 

   
 

        
 

         
 

Speaking 
14.20 3.12 19.85 2.64 +5.65 14.82 < 0.001* 1.14 

 

Fluency 
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Writing 
13.85 3.45 18.90 2.80 +5.05 12.65 < 0.001* 0.98 

 

Mechanics 
 

        
 

         
 

Vocabulary 
16.10 2.95 19.40 2.50 +3.30 9.41 < 0.001* 0.72 

 

& Reading 
 

        
 

         
 

Listening         
 

Comprehensi 15.50 3.10 18.25 2.85 +2.75 7.85 < 0.001* 0.58 
 

On         
 

         
 

Overall 
59.65 9.80 76.40 7.90 +16.75 18.34 < 0.001* 1.35 

 

Proficiency 
 

        
 

         
 

 
 
 

* Statistically significant at p < 0.001 level (Total scale per skill = 25 marks; Overall = 100 

marks). 

 

Interpretation: Table 2 presents the inferential statistics evaluating student performance gains 

following the 12-week AI intervention. The overall composite proficiency score increased 

significantly from a pre-test mean of 59.65 (SD = 9.80) to a post-test mean of 76.40 (SD = 7.90), 

yielding a substantial mean gain of +16.75 points (t = 18.34, p < 0.001, Cohen’s d = 1.35). 

Among individual skill domains, Speaking Fluency registered the highest effect size (d = 1.14, t 
 

= 14.82), followed by Writing Mechanics (d = 0.98, t = 12.65). Receptive skills (Reading and 

Listening) also showed statistically significant improvements, though with moderate effect sizes 

(d = 0.72 and d = 0.58, respectively). These results confirm that AI tools featuring real-time 

speech processing and automated text evaluation exert a robust positive impact on productive 

language execution. 

 

Table 3: Descriptive Analysis of Learner Motivation and Affective Constructs (N = 350) 

Construct  
Indicator / Statement 

 
Mean (μ) SD Agreement Level 

 

Dimension 
  

 

      
 

       
 

  AI  interaction  reduces fear  of 
4.38 0.65 Strongly Agree 

 

Anxiety 
 

making oral/written errors 
 

    
 

Reduction 

     
 

 I feel safer speaking to an AI than 
4.25 0.72 Agree 

 

  
to a human instructor 

 
 

      
 

       
 

Autonomy & AI  allows  me  to  set my  own 4.42 0.58 Strongly Agree 
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Control learning pace and targets     
 

       
 

 I feel in control of my learning 
4.30 0.64 Strongly Agree 

 

 
schedule through AI platforms 

 

    
 

        
 

Intrinsic Learning English with AI   is 
4.15 0.78 Agree 

 

Motivation enjoyable and engaging 
 

 

    
 

        
 

 I   am motivated to practice 
3.98 0.81 Agree 

 

 
English outside mandatory hours 

 

    
 

     
 

Self-Efficacy 
Instant AI feedback improves my 

4.22 0.69 Strongly Agree 
 

confidence in language tasks 
 

    
 

        
 

Overall 
Composite Scale Score 

 
4.24 0.54 Strongly Agree 

 

Motivation 
 

 

       
 

        
 

 

Scale: 1.00–1.80 = Strongly Disagree; 1.81–2.60 = Disagree; 2.61–3.40 = Neutral; 3.41–4.20 = 

Agree; 4.21–5.00 = Strongly Agree. 

 

Interpretation: Table 3 summarizes student perceptions regarding motivational and affective 

dynamics. The composite scale mean of 4.24 (SD = 0.54) indicates a strongly positive 

psychological orientation toward AI-assisted learning. The highest individual mean scores were 

recorded for Autonomy & Control (µ = 4.42) and Anxiety Reduction (µ = 4.38$). Students 

overwhelmingly agreed that practicing with AI reduced their fear of evaluation, fostering a non-

threatening environment that enhances self-efficacy (µ = 4.22). However, voluntary out-of-class 

practice motivation logged a slightly lower, albeit positive, mean (µ = 3.98), indicating that while 

AI reduces affective barriers, external structural guidance remains necessary to maintain long-

term effort. 

 

Table 4: Assessment of Multi-Dimensional Student Engagement Constructs (N = 350) 

Engagement 
Component Metrics 

 
Mean (μ) SD Relative Index 

 

Dimension 
 

 

     
 

      
 

Behavioral 
Time-on-task, exercise    

 

completion, interaction 4.31 0.60 High 
 

Engagement 
 

frequency 
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Affective Positive  emotions,  enthusiasm, 
4.20 0.68 High 

 

Engagement interface satisfaction 
 

   
 

     
 

Cognitive Deep strategy use, error revision, 
3.58 0.84 Moderate 

 

Engagement prompt refinement 
 

   
 

     
 

Metacognitive Evaluating AI-generated outputs 
3.42 0.89 Moderate 

 

Control critically 
 

   
 

     
 

 
 

Interpretation: Table 4 presents a comparative breakdown of student engagement across distinct 

operational dimensions. While Behavioral Engagement (µ = 4.31, SD = 0.60) and Affective 

Engagement (µ = 4.20, SD = 0.68) reached high agreement thresholds, Cognitive Engagement 

recorded a noticeably lower mean (µ = 3.58, SD = 0.84), with Metacognitive Control scoring 

lowest (µ = 3.42, SD = 0.89). This empirical disparity highlights the central dilemma identified in 

the problem statement: high interaction frequency and positive emotional satisfaction do not 

automatically equate to deep cognitive processing. Without explicit pedagogical prompts, learners 

tend to utilize AI as a shortcut for task completion rather than an object of metacognitive analysis. 

 

Table 5: Multiple Linear Regression Analysis Predicting Overall Proficiency Gains (∆Y) 

Independent Unstandardized 
Std. Error 

Standardized 
t-statistic p-value VIF 

 

Variable B β 
 

    
 

       
 

(Constant) 4.125 1.150 — 3.587 < 0.001* — 
 

       
 

Anxiety 
2.840 0.420 0.384 6.762 < 0.001* 1.34 

 

Reduction 
 

      
 

       
 

Cognitive 
2.415 0.395 0.312 6.114 < 0.001* 1.42 

 

Engagement 
 

      
 

       
 

Learner 
1.620 0.380 0.205 4.263 < 0.001* 1.28 

 

Autonomy 
 

      
 

       
 

Behavioral 
0.785 0.350 0.108 2.243 0.025* 1.51 

 

Engagement 
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Model Summary: R = 0.742, R
2
 = 0.551, Adjusted R

2
 = 0.546, F (4, 345) = 105.82, p < 0.00 

Dependent Variable: Post-Test Overall Proficiency Gain (∆Y). 

 

Interpretation: Table 5 details the results of a multiple linear regression analysis conducted to 

identify the key predictors of language proficiency gains. The overall regression model is 

statistically significant (F (4, 345) = 105.82, p < 0.001) and explains 55.1% of the total variance 

in overall language gain (R
2
 = 0.551, Adjusted R

2
 = 0.546). Variance Inflation Factor (VIF) 

values remain well below 2.0, confirming the absence of multicollinearity. 

 

Anxiety Reduction emerged as the strongest standardized predictor of proficiency gain (β = 

0.384, t = 6.762, p < 0.001), demonstrating that psychological safety is a critical antecedent to 

skill acquisition in AI environments. Cognitive Engagement represented the second most 

influential predictor (β = 0.312, t = 6.114, p < 0.001). Notably, while Behavioral Engagement 

was statistically significant (β = 0.108, p = 0.025), its relative predictive weight was considerably 

smaller. This confirms that physical time spent on AI platforms yields minor returns unless 

accompanied by reduced anxiety and active cognitive processing. 

 

7. Findings of the study 

 

1. Statistically Significant Proficiency Improvements: The integration of AI tools led to a 

statistically significant mean gain of +16.75 points (p < 0.001) in overall English 

proficiency, with the most substantial effect sizes observed in speaking fluency (d = 1.14) 

and writing mechanics (d = 0.98). 
 

2. Substantial Reduction in Foreign Language Anxiety: 87.6% of respondents confirmed 

that interacting with AI agents created a non-evaluative space that effectively eliminated 

oral communication anxiety, serving as the strongest single predictor of overall skill 

acquisition (β = 0.384). 
 

3. Enhancement of Learner Autonomy and Self-Efficacy: AI platforms successfully fulfilled 

self-determination needs by enabling self-paced instructional loops and instant, private 

diagnostic feedback (µ = 4.42). 
 

4. The Cognitive-Behavioral Disconnect: A clear empirical gap emerged between high 

behavioral engagement (µ = 4.31) and moderate cognitive engagement (µ = 3.58). 

Students frequently accepted automated AI corrections without performing deep 

metacognitive evaluation or error reflection. 
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5. Predictive Model Confirmation: Regression analysis confirmed that combined 

psychological safety (anxiety reduction) and deep cognitive processing account for over 

55% of the total variance in language proficiency gains (R
2
 = 0.551). 

 
8. Suggestions 

 

8.1 Pedagogical Recommendations for Educators 

 

➢ Implement "Double-Loop" AI Feedback Tasks: Teachers should require students to 

submit not only the final AI-assisted writing or speaking output, but also a reflection 

log analyzing why specific corrections were made by the AI, directly addressing the 

cognitive engagement gap.
 

 

➢ Scaffolded Prompt Engineering: Incorporate explicit instruction on how to write 

diagnostic prompts (e.g., asking the AI to act as a Socratic tutor rather than a 

text generator) to cultivate metacognitive control.
 

 

8.2 Institutional and Policy Recommendations 

• Curricular Integration of AI Literacy: Universities should establish formal "AI in ELT" modules 

within standard language curricula, establishing guidelines for ethical use, academic integrity, and 

critical AI literacy.
 

• Continuous Faculty Development: Educational institutions must provide targeted professional 

development workshops empowering language instructors to transition from primary knowledge 

dispensers to pedagogical orchestrators of hybrid AI learning environments.
 

 

8.3 Software Development Recommendations 

 

➢ Develop Metacognitive Prompting Features: EdTech developers should incorporate 

automated reflection pop-ups within AI learning software (e.g., "Why do you think 

the system suggested this grammatical change?") to prevent passive copying and 

reduce cognitive offloading.
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9. Conclusion 

 

This study provides robust empirical evidence that Artificial Intelligence-Assisted English 

Language Learning significantly enhances student learning outcomes, reduces foreign language 

anxiety, and promotes learner autonomy. The quantitative analysis demonstrates that productive 

skills specifically speaking fluency and writing mechanics benefit most directly from the instant, 

diagnostic feedback provided by speech recognition engines and natural language processing 

models. 

 

However, the empirical findings also highlight a critical pedagogical challenge: high interaction 

rates and positive affective satisfaction do not automatically guarantee deep cognitive 

processing. To prevent passive cognitive offloading, AI applications must be embedded within 

scaffolded pedagogical frameworks orchestrated by skilled human educators. The future of 

English language teaching lies not in the complete automation of instruction, but in a synergistic 

hybrid model where AI delivers personalized, low-anxiety structural practice, and human 

instructors foster critical thinking, pragmatic competence, and socio-emotional communicative 

agency. 
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