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A B S T R A C T

This study examines the effectiveness of artificial intelligence (AI) in language teaching, particularly in English as 
a Foreign Language (EFL) classrooms, following AI’s increased adoption after the COVID-19 pandemic. Through 
a multilevel meta-analysis of 117 effect sizes across 46 empirical studies published between 2022 and 2025, 
results show that AI has a statistically significant medium-to-large overall impact on language learning (g = 0.74, 
95 % CI [0.57, 0.92], p < .001) across all five major skills, with vocabulary showing the strongest effects, fol
lowed by reading, writing, listening, and speaking.

Grounded in constructivist, adaptive learning, and cognitive load theories, moderator analyses revealed 
several key insights: (1) AI is more effective in face-to-face and blended settings than in fully online classrooms; 
(2) AI is particularly effective for younger K-12 learners, suggesting tools are pedagogically optimized for 
foundational language learning; (3) similar effectiveness outcomes across AI platforms suggest implementation 
matters more than the tool itself; (4) AI can facilitate task completion but not develop long-term autonomous 
learning habits like self-regulation; and (5) AI works best as a supplement rather than replacement for traditional 
teaching.

The results, when interpreted through the novelty effect, cognitive load theory, and attention economy 
frameworks, suggest a technology saturation effect: the failure of AI tools to capture distinctive attention, reduce 
cognitive burden, or secure focused engagement in an already technology-rich environment. The synthesis 
outlines the current state of EFL literature, which has been focused on Asia and the Middle East, offering practical 
insights for educators considering AI integration.

1. Introduction

The transition to remote instruction during the 2020–2022 COVID- 
19 pandemic catalyzed unprecedented technological adoption among 
language educators, with many continuing to use digital tools even after 
returning to face-to-face instruction. Investigations of artificial in
telligence’s (AI) applications in language teaching have centered on 
isolated language skills. This study addresses this gap by employing a 
multilevel meta-analytic approach that examines AI’s effectiveness 
across various language skills (reading, writing, speaking, listening, and 
vocabulary) and contextual factors (educational level, instructional 
mode, and tool type, among others), with particular emphasis on English 
as a Foreign Language (EFL) classroom. Grounded constructivist (Piaget, 
1972), adaptive learning (Zhang & Dong, 2024), and cognitive load 
theories (Sweller, 1988), this study analyzes a corpus of 46 empirical 
studies with 117 effect sizes (individual tests) published after 2022, 
when AI adoption significantly accelerated following the pandemic, to 

address the following research questions. 

1. Is AI an effective tool in teaching English as a foreign language 
(EFL)?

2. Does AI’s effectiveness vary under different conditions, such as the 
choice of AI tool, geography, grade level, study duration, and the 
mode of instruction, among other factors?

The results indicate that AI tools have a statistically significant, 
medium-to-large overall effect on language learning (g = 0.74, 95 % CI 
[0.57, 0.92], p < .001), with effectiveness varying substantially across 
different skills and contexts. Many moderators had a significant effect, 
suggesting that AI’s effectiveness in language learning varies across 
contexts.
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2. Literature review

2.1. Language learning and AI after COVID-19

The integration of technology in language education has evolved 
dramatically since the COVID-19 pandemic. While Computer-Assisted 
Language Learning (CALL) had been established for decades, the 
pandemic catalyzed unprecedented technological adoption among lan
guage educators. Ahn and Chi (2023) found that the sudden move to 
digital platforms led language teachers to rapidly develop new techno
logical competencies and that, despite initial struggles, many stayed 
open to using digital tools even after resuming in-person classes. As 
Moorhouse et al. (2023) observed, the post-pandemic period has wit
nessed rapidly increasing adoption of emerging technologies, particu
larly Generative AI, including chatbots, intelligent tutoring systems, and 
writing support tools in language education contexts.

While pre-pandemic studies investigated AI applications in language 
teaching, the current landscape reflects a fundamentally changed envi
ronment with more technology-receptive learning communities and 
increasingly sophisticated AI capabilities. Despite this rapid evolution, 
comprehensive syntheses of AI’s effectiveness have typically focused on 
isolated language skills. This meta-analysis addresses this gap by 
examining AI effectiveness across all language-learning skills in EFL 
classrooms since 2022, when adoption accelerated significantly 
following the pandemic.

2.2. AI innovation in pedagogy and language education

Large Language Models (LLMs), as popularly known today, are AI 
systems based on transformer neural network architectures, trained on 
vast amounts of text data, that use deep learning to perform natural 
language processing and generate human-like text responses based on 
the input they receive. In educational contexts, these LLMs are often 
deployed as chatbots, or interactive applications designed for sustained 
conversational exchanges with learners (Huang et al., 2023). As Chen 
et al. (2022) document in their review of two decades of research on AI 
applications in education (AIED), AI’s evolution has enabled truly 
personalized learning at scale. A quick survey of contemporary AI ed
ucation tools trained in LLMs reveals their ability to ask, analyze, 
answer, classify, detect plagiarism, evaluate interlocutor knowledge, 
explain, generate content and feedback, measure semantic similarity 
and tone of writing, and offer 24/7 language practice opportunities 
beyond temporal and geographic barriers, among many others. 
Contemporary AI has fundamentally shifted the teacher’s role from 
primary knowledge transmitter to learning facilitator who guides stu
dents’ AI-enhanced practice. While AI encompasses diverse technical 
mechanisms such as neural networks, machine learning algorithms, and 
natural language processing (Chen et al., 2022), this study focuses on the 
functional application and pedagogical outcomes of AI tools in language 
learning contexts.

The pedagogical value of AI in language teaching is grounded in 
multiple learning theories. Constructivist theory (Piaget, 1972) em
phasizes active knowledge construction, which Song and Song (2024) 
observed when AI tools enhanced the writing skills of Chinese students 
in blended EFL classrooms. AI in education encompasses various roles, 
including intelligent tutoring and learning partner systems that can 
provide personalized guidance and feedback (Hwang et al., 2020), 
which are particularly useful for language learning. Adaptive Learning 
theory, which advocates for dynamically tailored learning experiences 
(Zhang & Dong, 2024), aligns with AI’s ability to provide individualized 
feedback and instruction that has been shown to improve EFL learners’ 
writing (Liu et al., 2024), speaking (Qiao & Zhao, 2023), and vocabulary 
skills (Hsu et al., 2024). Similarly, cognitive load theory suggests that 
learning is optimized when unnecessary mental burdens are reduced. 
Kohnke (2024) demonstrated this principle when English for Academic 
Purposes students reported that AI tools decreased extraneous cognitive 

load through immediate, clear feedback. These theoretical frameworks 
collectively provide a foundation for understanding how AI might sup
port language learning across different skill domains.

2.3. Meta-analysis on AI use in language learning

Since the rapid adoption of AI in education in 2022, research 
examining its effectiveness across various language-learning domains 
has increased. Regarding vocabulary acquisition, Liu and Chen (2023)
demonstrated that using AI applications improved vocabulary acquisi
tion in Taiwanese elementary schools. In reading comprehension, Kim’s 
(2024) investigation found that ChatGPT helped EFL learners identify 
main ideas in a Korean high school. For speaking skills, Fathi et al. 
(2024) found that engaging with the Andy English chatbot improved 
EFL learners’ fluency, coherence, and pronunciation at an Iranian uni
versity (See also Hwang et al., 2024 on mobile-assisted language 
learning). In terms of writing, Biju et al. (2024) found that AI’s imme
diate feedback capabilities reduce student anxiety in Bangladeshi uni
versities. As for listening skills, Li and Peng’s (2022) study of an 
AI-based platform in Chinese EFL classrooms found no significant 
improvement in listening scores, yet it boosted student engagement. 
These examples preview the diverse AI research recently emerging in 
language teaching, underscoring the need for a comprehensive 
meta-analysis to capture AI’s effect on language learning outcomes.

Meta-analysis is a systematic tool for assessing the current state of 
the field, using quantitative data from the primary studies to calculate 
effect sizes—the strength of relationships between outcomes and vari
ables (Chong & Plonsky, 2021). Meta-analysis also examines moder
ators—factors that affect the resulting effect sizes—to determine 
whether the results arise from differences in study conditions. Some 
moderators regarding chatbots identified in the studies by Lee and 
Hwang (2022) and Zhang et al. (2023) include learners’ characteristics 
(age, education level, language proficiency) and study design elements 
(duration, sample size, instructional modality). This meta-analysis 
makes a unique contribution to the discussion by examining AI’s effec
tiveness across five language skills and a comprehensive list of moder
ators, rather than focusing on a particular skill or a few moderators. 
Recognizing these moderators is essential as it may inform EFL in
structors’ teaching strategies.

3. Methodology

3.1. Inclusion criteria

Articles were retrieved using an institutional library search engine 
that retrieves vetted, academically accessible research from various 
platforms: ERIC, JSTOR, Scopus, SAGE, Web of Science, Google Scholar, 
and EBSCO. Using the tool minimizes potential human error when 
conducting searches across different platforms and ensures organiza
tion, efficiency, and full-text access to all generated articles. Studies 
were then assessed using the inclusion/exclusion criteria presented in 
Table 1, and the process is outlined in Fig. 1. The study was guided by 
the screening conventions set by the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA). The list of articles is 
found in Appendix A.

3.2. Multilevel analysis

As the corpus consists of studies featuring multiple experiments and, 
thus, multiple effect sizes and the likelihood of high heterogeneity, a 
multilevel (random-effects) meta-analysis is the appropriate tool, as it 
accounts for between-study variability and addresses potential de
pendencies (Van den Noortgate et al., 2013). As noted by Cooper et al. 
(2009), preserving all effect sizes enhances statistical power, improves 
our understanding of the intervention, and captures the subtle variations 
in outcomes (See Appendix B for complete data). By including diverse 
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effect sizes, everything is accounted for and reported (Borenstein et al., 
2011).

The rest of the analyses are canon to meta-analysis literature, 
including initial, outlier, sensitivity, and moderator analyses, hetero
geneity measures, and publication bias. All analyses were conducted 
using R (version 4.5.1) with the metafor package (version 4.8.0; 
Viechtbauer, 2010). We used the standardized mean difference (SMD) as 
the effect size metric to synthesize the results across studies. Effect sizes 
were calculated as Hedges’ g, which is Cohen’s d corrected for 
small-sample bias, making it suitable for meta-analysis. (Cohen, 2013; 
Hedges & Olkin, 2014). Cook’s distance identifies influential cases by 
measuring how individual effect sizes impact overall model parameters. 
Outliers were identified using the conservative 4/n threshold (where n 
= number of effect sizes), which adjusts for sample size while avoiding 
excessive data removal (Viechtbauer & Cheung, 2010).

3.3. Variables

3.3.1. Performance and affective skills
Expanding on Plonsky and Oswald’s (2014) call for inclusivity in 

selecting articles for meta-analysis, this study incorporates both direct 
performance indicators (e.g., fluency, accuracy, and pronunciation) and 
affective variables (e.g., willingness to communicate, motivation, and 
self-efficacy). This framework acknowledges that language proficiency 
involves linguistic skills and psychological factors affecting acquisition 
(Dornyei & Ryan, 2015). Larsen-Freeman (2015) states that language 
learning comprises complex systems with interacting components. Thus, 
focusing solely on performance measures without accounting for psy
chological factors may lead to an incomplete understanding of inter
vention effectiveness.

Table 1 
Inclusion/exclusion criteria.

Inclusion criteria Exclusion criteria

Empirical studies on language learning. Non-empirical studies (literature syntheses, theoretical papers, AI reviews, 
etc.)

Peer-reviewed studies published from 2022 onwards Non-peer-reviewed studies (conference proceedings, preprints, abstracts) or 
pre-2022 studies

Studies investigating GenAI’s effects on language skills in EFL classrooms Studies not investigating Gen AI’s effect on language learning
Studies providing adequate statistical information: number of participants, mean, and standard 

deviation for both treatment and control groups
Studies not providing sufficient statistical data for effect-size calculation

Studies conducted in a classroom setting (face-to-face, hybrid, or online) Studies conducted outside instructional settings (technology demonstrations, 
tool-development studies, etc.)

Fig. 1. Article selection criteria. 
PRISMA diagram illustrating the article screening process for the meta-analysis.
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3.3.2. Moderator variables
Moderator analysis involved systematically extracting and catego

rizing study design elements from the analyzed research papers. Rather 
than maintaining numerous similar variables as separate categories, we 
combined conceptually related or synonymous moderators into unified 
categories to ensure appropriate statistical representation and more 
meaningful interpretation of differential effects (e.g., the category 
“motivation” includes both “motivation” and “willingness”). Data 
extraction followed the coding-in-tandem method (Torres, 2021), in 

which both researchers convened virtually to categorize and address 
discrepancies in real time, thereby establishing consistent consolidation 
procedures. The clear, straightforward nature of the data facilitated a 
smooth process and quick agreement between researchers. A detailed 
table outlining each moderator category and its elements, using the 
original terminology from the studies, is provided in Appendix C.

For this meta-analysis, AI tools were categorized based on their 
implementation in primary studies rather than their underlying tech
nical architecture. This approach is justified for several reasons: (1) 

Fig. 2. Cook’s distance for identifying outliers. 
Cook’s distance values identified eight outliers using the calculated threshold of 0.032 (horizontal line). The adjusted model retains 117 effect sizes after 
outlier removal.

Table 2 
Comparison of Initial (with outliers) and Adjusted Models (without outliers).

k Hedges’ g 95 % CI I2 (%) τ2 SE AIC

Initial Model 125 1.17*** [0.75, 1.60] 97.23 1.80 0.22 870
Adjusted Model 117 0.74*** [0.57, 0.92] 87.90 0.35 0.09 679

Note: *p < .05, **p < .01, ***p < .001.
k = number of effect sizes; Hedges’g = effect size; CI = confidence interval; I2 = percentage of variance attributable to true heterogeneity; τ2 = between-study variance; 
SE = standard error; AIC = Akaike Information Criterion (lower values indicate better model fit).

Fig. 3. Funnel plots for assessing Publication Bias. 
The initial model (left) shows asymmetric study distribution, suggesting publication bias, while the adjusted model (right) displays greater symmetry around the 
central axis, indicating reduced bias after outlier removal.
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primary studies often lack detailed technical specifications; (2) from a 
pedagogical perspective, the way tools are implemented may hold more 
significance than the continuously evolving algorithms; (3) many tools 
integrate multiple AI approaches; and (4) this study aims to inform 
educational practice, where tools are evaluated based on user-facing 
features.

4. Results

4.1. Initial analysis

The initial multilevel model yielded a significant positive effect 
(Hedges’ g = 1.17, 95 % CI [0.75, 1.60], p < .0001) but the substantial 
heterogeneity (Q(124) = 1930.22, p < .0001, I2 = 97.23 %, τ2 = 1.8, SE 
= 0.24), warrants further outlier and moderator analyses.

4.2. Outlier and sensitivity analysis

Cook’s distance values identified eight outliers that exceeded the 
calculated threshold (Fig. 2). Table 2 presents model parameters before 
and after outlier removal.

Although both models are significant (p < .001) with large effects, 
the adjusted model demonstrated improved precision (37 % reduction in 
effect size, 59 % reduction in standard error, 22 % decrease in AIC) and 
greater consistency across studies (81 % reduction in between-study 
variance, τ2), indicating that the initial estimates were inflated by 
extreme values.

4.3. Publication bias

Statistical tests for publication bias become unreliable when het
erogeneity is substantial, as the tests cannot distinguish between actual 
bias and genuine study differences (Afonso et al., 2024; Ioannidis & 
Trikalinos, 2007). This challenge is common in meta-analyses of AI tools 
in language education where skills vary immensely (e.g., Guan et al., 
2024; Wu & Yu, 2024). Therefore, this study employs visual funnel plot 
inspection shown in Fig. 3 (Sterne et al., 2011).

The improved symmetry after removing outliers suggests heteroge
neity reflects genuine diversity in interventions and contexts rather than 
systematic publication bias.

4.4. Moderator analysis

To explain the high heterogeneity, we examined categorical mod
erators that may account for differential AI effectiveness across studies, 
as shown in Table 3.

All language skills demonstrated significant positive effects, with 
vocabulary showing the strongest effect and speaking the weakest. All 
five skills represent medium-to-large effects by conventional standards. 
We did not restrict our inclusion criteria to any specific skill based on 
data availability, allowing us to demonstrate where recent research has 
concentrated.

Table 4 examines moderators that may explain AI’s differential 

effectiveness across skills. A list of what each specific skill entails, based 
on the primary studies, can be found in Appendix C. Comprehension 
(reading) demonstrated the strongest effect, representing an excep
tionally large impact, though the limited number of studies affects the 
interpretability of this result. Among well-represented skills, overall 
speaking and self-efficacy demonstrated substantial effects. Notably, 
self-regulation had no substantial effect, and accuracy did not reach 
significance. Geographically, the Middle East showed stronger effects 
compared to East Asia. Online-only interventions failed to reach statis
tical significance, while both in-person and blended approaches showed 
significant effects. AI interventions showed stronger effects among K-12 
students than among college students. ChatGPT and other chatbots 
demonstrated significant effectiveness, while Duolingo showed large but 
non-significant effects.

Table 5 shows significant QM values (all p < .001), indicating that 
differences across subcategories within each moderator category are 
meaningful and not due to chance. Specific skills (e.g., fluency and ac
curacy) showed the strongest moderating effect (QM = 240.32), sub
stantially exceeding main skills (e.g., vocabulary and speaking) (QM =
70.92), suggesting fine-grained skill distinctions are more predictive 
than broad categories. However, QE values, which test whether varia
tion remains after controlling for moderators, remain significant (p <
.001), indicating that unmeasured factors continue to affect AI 
effectiveness.

Table 3 
AI’s effectiveness by skill (without outliers).

k g SE 95 % CI z p

Listening 10 0.65 0.19 [0.28,1.02] 3.43 <0.001
Reading 18 0.84 0.22 [0.41,1.27] 3.84 <0.001
Speaking 35 0.62 0.18 [0.27,0.98] 3.49 <0.001
Vocabulary 11 0.93 0.24 [0.46,1.41] 3.84 <0.001
Writing 43 0.73 0.14 [0.46,1.00] 5.33 <0.001

Note: *p < .05, **p < .01, ***p < .001.
k = number of effect sizes; g = Hedges’ g; SE = Standard Error; 95 % CI =
confidence interval; z = test statistic for individual effect sizes; p = significance 
level.

Table 4 
Moderator analysis (without outliers).

Moderator k g SE 95 % CI z p

Specific Skill 117 ​ ​ ​ ​ ​
Accuracy 10 0.27 0.15 [-0.02,0.56] 1.83 0.068
Fluency 9 0.63 0.17 [0.03,0.95] 3.75 <0.001***
Listening 8 0.82 0.19 [0.44,1.19] 4.29 <0.001***
Motivation 13 0.82 0.14 [0.54,1.10] 5.81 <0.001***
Organization and 

Development
12 0.43 0.16 [0.11,0.75] 2.63 <0.01**

Overall speaking 12 1.18 0.15 [0.88,1.48] 7.76 <0.001***
Overall writing 13 0.53 0.14 [0.26,0.81] 3.77 <0.001***
Comprehension 5 1.97 0.19 [1.61,2.34] 10.64 <0.001***
Self-efficacy 10 0.98 0.14 [0.70,1.26] 6.85 <0.001***
Self-regulation 9 0.01 0.14 [-0.26,0.28] 0.04 0.968
Vocabulary 

Knowledge
16 0.60 0.16 [0.28,0.91] 3.74 <0.001***

Education Level 117 ​ ​ ​ ​ ​
College 95 0.70 0.10 [0.51,0.90] 7.14 <0.001***
K-12 22 0.90 0.19 [0.52,1.28] 4.69 <0.001***

Primary 16 1.04 0.26 [0.54,1.54] 4.06 <0.001***
Secondary 6 0.72 0.29 [0.15,1.29] 2.46 0.014*

Mode 117 ​ ​ ​ ​ ​
Blended 44 0.82 0.14 [0.55,1.09] 5.88 <0.001***
In-person 63 0.73 0.12 [0.50,0.96] 6.16 <0.001***
Online 10 0.28 0.39 [-0.48,1.05] 0.73 0.463

Duration 117 ​ ​ ​ ​ ​
Long 47 0.81 0.14 [0.54,1.09] 5.82 <0.001***
Short 70 0.70 0.11 [0.47,0.92] 6.11 <0.001***

AI Tool 117 ​ ​ ​ ​ ​
Chatbot 22 0.84 0.24 [0.37,1.3] 3.53 <0.001***
ChatGPT 26 0.81 0.17 [0.47,1.15] 4.68 <0.001***
Duolingo 5 0.95 0.56 [-0.14,2.04] 1.71 0.087
Other 64 0.68 0.12 [0.44,0.92] 5.60 <0.001***

Geographic Area 117 ​ ​ ​ ​ ​
East Asia 79 0.65 0.11 [0.43,0.87] 5.85 <0.001***
Middle East 33 0.92 0.15 [0.62,1.22] 6.04 <0.001***
Other 5 0.71 0.33 [0.08,1.35] 2.19 0.028*

Note: *p < .05, **p < .01, ***p < .001.
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5. Discussion

We interpret our findings through three core theoretical frameworks 
that guided this study’s design: Constructivist Theory (Section 5.1), 
which predicts AI effectiveness varies by social context; Cognitive Load 
Theory (Sections 5.1, 5.2), which predicts differential effects by task 
complexity; and Adaptive Learning Theory (Section 5.5), which predicts 
that individualized scaffolding adapts differently across learner pop
ulations. To further contextualize our findings, we also draw on Social 
Cognitive Theory (Section 5.3), novelty effect, and attention economy 
frameworks (Section 5.2), which help explain unexpected patterns in the 
data.

5.1. AI effectiveness by skill and tool

AI demonstrated statistically significant positive effects on language 
learning, with the adjusted model showing a moderate to large effect. 
Among the five main language skills, vocabulary acquisition showed to 
benefit the most from AI, aligning with Khan et al.’s (2024) findings on 
AI effectiveness in EFL instruction. These consistent positive effects 
across multiple AI platforms suggest that effectiveness depends more on 
implementation approach than on specific tools and their technical 
features.

However, not all outcomes showed consistent effects. Duolingo 
exhibited large but non-significant effects, though the small sample size 
limits interpretability. Similarly, AI showed non-significant effects on 
accuracy, suggesting that while AI may facilitate task performance 
during use, this does not necessarily transfer to underlying competencies 
assessed independently.

Theoretical Implications: These patterns align with our core theo
retical frameworks. Constructivist theory (Piaget, 1972) predicts that 
learning occurs through active knowledge construction in social con
texts, which helps explain why AI tools with communicative functions 
(e.g., chatbots, ChatGPT) demonstrated the strongest effects. Cognitive 
Load Theory (Sweller, 1988) further accounts for AI’s success on 
objectively measurable skills such as vocabulary acquisition and reading 
comprehension, where immediate feedback reduces extraneous cogni
tive load. In contrast, complex skills like accuracy (e.g., correct word 
usage, appropriate tone) and revision require sustained practice with 
subjective, contextual feedback, making them harder to scaffold through 
automated systems alone.

Pedagogical Implications: The findings suggest AI tools demonstrate 
meaningful effectiveness for language learning. Given this baseline 
effectiveness across tools, implementation strategies and pedagogical 
design may matter more than specific tool selection. Educators should 
prioritize integration quality, focusing AI use on objectively measurable 
skills that benefit from instant feedback while maintaining active 
involvement when integrating AI for complex tasks requiring nuanced 
judgment.

5.2. Technology saturation effect

Our moderator analysis revealed a meaningful pattern: AI in
terventions showed significant effects in face-to-face and blended set
tings but not in online-only contexts. This pattern aligns with Cognitive 
Load Theory (Sweller, 1988), which suggests that in online contexts 
where learners already manage multiple digital tools, adding AI may 
increase cognitive load without sufficient benefit. Additional theoretical 
perspectives further contextualize this finding. Clark’s (1985) novelty 
effect posits that introducing new technologies temporarily improves 
performance through increased interest, but this novelty inevitably fiz
zles out over time. In a post-COVID digital age, chatbots and apps are no 
longer as novel as they once were. Attention economy frameworks 
(Davenport & Beck, 2001; Simon, 1971) view attention as a finite 
resource in information-rich environments. Each digital platform, 
learning management system, and communication tool competes for 
mental engagement in online learning environments. AI may struggle to 
capture sufficient attention in technology-saturated contexts, but in 
face-to-face settings where digital technologies are less ubiquitous, AI 
occupies a clearer attentional niche.

Drawing on these theoretical foundations, we propose the technol
ogy saturation effect: a context-dependent phenomenon in which new 
educational technology, like AI, is introduced into already technology- 
rich environments, producing diminished learning benefits because 
multiple mechanisms simultaneously reduce pedagogical impact. The 
new tool neither captures distinctive attention (novelty), reduces 
cognitive burden (cognitive load), nor secures focused engagement 
(attention economy). This hypothesis emerged from our findings and 
aligned with the theoretical frameworks mentioned. We present it here 
to stimulate further theoretical inquiry, recognizing that meta-analysis 
serves dual functions of both hypothesis testing and generation, with 
novel hypotheses emerging particularly when investigations into sour
ces of heterogeneity lead to further inquiry (Mikolajewicz & Komarova, 
2019). Future studies could evaluate cognitive load across different 
levels of digital saturation while controlling for other pedagogical 
factors.

5.3. The self-regulation paradox

Self-regulation showing near-zero benefits from AI (g = 0.01) is 
noteworthy. Social Cognitive Theory emphasizes that self-regulation 
encompasses multiple behavioral skills (e.g., goal-setting, progress 
monitoring, behavior adjustment) that require extended practice to 
develop (Bandura, 1986; Zimmerman, 2013). This contrasts with other 
affective skills like self-efficacy and motivation, which can be triggered 
immediately by AI’s novelty and successful interactions (Bognár & 
Khine, 2025).

Most self-regulation studies were short-term (k = 6 of 9 studies were 
≤10 weeks), likely insufficient for self-regulatory habit formation. Our 

Table 5 
Summary of heterogeneity tests (QE) and moderator effects (QM).

Moderator Categories k QE df p QM df p

Main Skill 117 1018.07 112 <0.001*** 70.92 5 <0.001***
Specific Skill 117 948.31 106 <0.001*** 240.32 11 <0.001***
Education Level 117 1064.92 115 <0.001*** 72.94 2 <0.001***
Mode of Instruction 117 1058.42 114 <0.001*** 73.11 3 <0.001***
Duration 117 1076.50 115 <0.001*** 71.24 2 <0.001***
AI Tool 117 1051.96 113 <0.001*** 68.69 4 <0.001***
Geographic Area 117 1079.96 114 <0.001*** 73.87 3 <0.001***

Note: *p < .05, **p < .01, ***p < .001.
QE = test for residual heterogeneity; QM = test of moderators; df = degrees of freedom.
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finding aligns with Bognár and Khine (2025), who observed that 
self-regulation declined most in AI-enhanced classrooms because AI 
tools offer insufficient support for long-term self-regulatory develop
ment. AI tools can facilitate task completion without teaching 
self-regulation, creating a paradox where AI boosts confidence and in
terest in learning while failing to develop autonomous learning habits.

Pedagogical Implications: Results suggest that educators should not 
assume AI tools automatically foster self-regulation. Explicit instruction 
and scaffolding may be necessary alongside AI tools for skills requiring 
long-term practice or metacognitive control.

5.4. Geographic and educational context factors

Despite applying no geographical restrictions, every study fitting our 
inclusion criteria came from Asian and Middle Eastern contexts. The 
absence of studies from English-dominant regions is expected, as EFL 
research naturally occurs where English is taught as a foreign language. 
However, this regional concentration reveals a critical research gap: the 
lack of AI language education research from South America, sub- 
Saharan Africa, Eastern Europe, among others. These gaps reflect 
known disparities in resources, infrastructure, and cultural attitudes 
toward English learning and AI integration (see Canagarajah, 2002). As 
meta-analyses serve to catalog trends and identify gaps (Mikolajewicz & 
Komarova, 2019), we note these findings may not generalize beyond 
Asian and Middle Eastern EFL contexts.

Pedagogical Implications: Educators in underrepresented regions 
should pilot-test AI tools locally and document outcomes to help address 
this geographic research gap.

5.5. Effectiveness based on education level

AI interventions proved more effective with younger learners, 
showing stronger effects in primary education (g = 1.04) compared to 
college students (g = 0.70). Adaptive Learning Theory (Zhang & Dong, 
2024) helps explain this pattern through its emphasis on how adaptive 
systems provide personalized scaffolding matched to learner needs. 
Zhang and Dong (2024) note that adaptive learning systems are 
particularly effective at supporting learners developing foundational 
competencies through individualized pacing and targeted feedback. 
Primary EFL students are precisely such learners, requiring structured 
support for discrete, measurable skills like vocabulary and grammar 
where current AI tools excel at providing immediate feedback and 
customized practice. University students, however, require support for 
complex, context-dependent competencies like disciplinary writing 
conventions, nuanced argumentation, and pragmatic discourse where 
current adaptive systems provide less targeted scaffolding. This pattern 
suggests current AI tools are pedagogically optimized for foundational 
language learning but require further development for advanced aca
demic contexts.

Pedagogical Implications: Educators should recognize that current AI 
tools may be most effective for foundational language learning. 
University-level instruction may require more sophisticated imple
mentation strategies addressing complex discourse, disciplinary writing, 
and critical analysis.

5.6. Limitations

First, to prioritize function and pedagogical outcomes, we aggre
gated AI tools into the product they represent (e.g., ChatGPT, Duolingo, 
chatbots) instead of technical specifications (e.g., transformer models, 
neural networks) because (1) primary studies rarely provide sufficient 
detail of the mechanism behind the tools they investigate, and (2) AI is 
marketed and adopted in educational contexts based more on what 
products can do than on their underlying architectures. Insufficient in
formation contributes to the “other” tool category being highly hetero
geneous, which reflects genuine diversity in AI implementation. While 

this approach potentially masks distinctions in technical mechanisms, it 
provides an accessible synthesis for educators.

Second, to accurately represent the current state of AI in language 
education, we included all qualifying studies, even when some moder
ators yielded small-sized moderator categories. Consequently, such 
moderators should be interpreted with caution.

Finally, although typical in applied linguistics and education 
research, this study acknowledges the high heterogeneity (I2 = 88 %) of 
our model. Heterogeneity here reflects the genuine diversity of study 
outcomes ranging from vocabulary acquisition to organizational skills 
within a single meta-analysis framework (Afonso et al., 2024; Ioannidis 
& Trikalinos, 2007). Dong et al. (2025) reported comparable heteroge
neity (I2 = 93 %) in their meta-analysis of AI in education, demon
strating that random-effects modeling appropriately addresses 
heterogeneity by treating studies as having varying effects rather than 
assuming a single true effect. Our multilevel random-effects approach 
follows this same methodological standard for heterogeneous educa
tional data. Practitioners would benefit from referring to the moderator 
analyses to determine which findings apply to their specific instructional 
contexts.

6. Conclusion

This multilevel meta-analysis synthesized 117 effect sizes from 46 
empirical studies to examine AI’s effectiveness in EFL classrooms after 
the increased AI use following the COVID pandemic (2022–2025). Our 
findings show that AI tools have significant positive impacts on language 
learning across all five major skills—vocabulary, reading, writing, 
listening, and speaking—with substantial variation across educational 
levels and instructional settings.

Drawing on Constructivist, Cognitive Load, and Adaptive Learning 
theories, moderator analyses revealed key patterns: First, instructional 
modality emerged as a significant factor, with AI demonstrating strong 
effects in face-to-face and blended settings but failing to produce sig
nificant benefits in online-only contexts. Second, AI interventions 
proved particularly effective for younger K-12 learners compared to 
university students, suggesting current tools are pedagogically opti
mized for foundational language learning but require further develop
ment for advanced academic contexts. Third, effectiveness remained 
relatively consistent across different AI platforms, indicating that 
implementation quality and pedagogical design matter more than spe
cific tool selection. Fourth, AI can help with task completion and 
improve discrete skills like vocabulary, but it cannot develop indepen
dent learning habits or self-regulation. Fifth, educators should prioritize 
AI use for objectively measurable skills that benefit from instant feed
back while maintaining active involvement when integrating AI for 
complex tasks requiring nuanced judgment.

Our findings, when interpreted through the novelty effect, cognitive 
load theory, and attention economy frameworks, suggest a technology 
saturation effect: the introduction of new AI tools neither captures 
distinctive attention, reduces cognitive burden, nor secures focused 
engagement in an already technology-rich environment. Future research 
should examine whether AI’s diminished effectiveness in online contexts 
persists and what this means for implementation strategies.
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Appendix A. Studies and relevant information

ID Article ID Article ID Article

ID01 Borna et al. (2024) ID17 Tai and Chen (2024) ID33 Alrajhi (2025)
ID02 Chen et al. (2022) ID18 Wang et al., (2024) ID34 Chen et al. (2025)
ID03 Escalante et al. (2023) ID19 Namaziandost 2025) ID35 Nguyen (2025)
ID04 Fathi et al. (2024) ID20 Yuan (2025) ID36 Abdellatif et al. (2024)
ID05 Huang and Mizumoto (2024) ID21 Xiao (2025) ID37 Alazemi (2024)
ID06 Jeon (2023) ID22 Rad (2025) ID38 Behforouz and Ghaithi (2024)
ID07 Khan (2024) ID23 Shi and Shakibaei (2025) ID39 Tai and Chen (2024b)
ID08 Kim (2024) ID24 Shaalan and Ahmad (2025) ID40 Oktarin et al. (2024)
ID09 Liu and Chen (2022) ID25 Jamshed et al. (2025) ID41 Hwang et al. (2023)
ID10 Li and Peng (2022) ID26 Jose (2025) ID42 Kim and Cha (2023)
ID11 Liu et al. (2023) ID27 Pan et al. (2025) ID43 Sun (2023)
ID12 Liu et al. (2024) ID28 Chen et al. (2025) ID44 Zahran (2025)
ID13 Biju et al. (2024) ID29 Aladini et al. (2025) ID45 Elmaadaway et al. (2025)
ID14 Qasem (2023) ID30 Allehyani et al. (2025) ID46 Mekheimer (2025)
ID15 Qiao and Zhao (2023) ID31 Zheldibayeva (2025) ​ ​
ID16 Song and Song (2023) ID32 Apriani et al. (2025) ​ ​

Appendix B. Complete Effect Size Data

# ID Level Country Mode Tool Duration Main Skill Treatment group Control group Effect Size Cook’s Distance

Primary 
Secondary 
Tertiary

Classroom 
Blended 
In-person

Short Long Writing 
Speaking 
Vocabulary 
Reading 
Listening

n Mean SD n Mean SD g Variance

1 ID01 T Iran I Other S W 32 81.26 7.97 32 70.51 11.49 1.07 0.07 0.000001 ​
2 ID01 T Iran I Other S W 32 87.20 7.18 32 70.51 11.49 1.72 0.09 0.002014 ​
3 ID02 P Taiwan I Other S S 30 57.50 17.57 26 48.54 20.68 0.46 0.07 0.001526 ​
4 ID03 T Asia Pacific B ChatGPT S W 23 33.37 1.91 25 33.68 2.07 − 0.15 0.08 0.005881 ​
5 ID04 T Iran B Chatbot L S 33 6.53 1.14 32 5.97 0.79 0.56 0.06 0.001082 ​
6 ID04 T Iran B Chatbot L S 33 6.28 0.79 32 5.58 0.84 0.85 0.07 0.000203 ​
7 ID04 T Iran B Chatbot L S 33 6.93 0.94 32 6.16 0.90 0.83 0.07 0.000246 ​
8 ID04 T Iran B Chatbot L S 33 6.83 0.90 32 6.08 0.89 0.83 0.07 0.000243 ​
9 ID04 T Iran B Chatbot L S 33 4.16 0.81 32 3.58 0.61 0.80 0.07 0.000310 ​
10 ID05 T Japan I ChatGPT S W 35 3.79 1.14 45 3.17 1.12 0.54 0.05 0.001176 ​
11 ID05 T Japan I ChatGPT S W 35 3.58 1.36 45 3.57 1.23 0.01 0.05 0.004649 ​
12 ID05 T Japan I ChatGPT S W 35 4.52 0.87 45 3.68 1.01 0.87 0.06 0.000159 ​
13 ID06 P South Korea I Chatbot S V 18 7.94 1.95 17 1.88 1.11 3.70 0.31 0.029486 ​
14 ID06 P South Korea I Chatbot S V 18 5.89 1.78 17 1.88 1.11 2.62 0.21 0.010599 ​
15 ID06 P South Korea I Chatbot S V 18 6.33 2.30 17 2.06 1.34 2.20 0.18 0.005622 ​
16 ID06 P South Korea I Chatbot S V 18 4.28 1.96 17 2.06 1.34 1.28 0.14 0.000209 ​
17 ID07 S Afghanistan I ChatGPT S V 30 10.57 3.40 30 5.47 2.00 1.80 0.09 0.002554 ​
18 ID07 S Afghanistan I ChatGPT S V 30 8.90 3.43 30 7.13 3.95 0.47 0.07 0.001489 ​
19 ID08 S South Korea I ChatGPT L R 20 3.15 0.92 20 2.30 0.78 0.98 0.11 0.000032 ​
20 ID09 P Taiwan I Other L V 18 78.67 16.92 18 55.33 24.49 1.08 0.13 0.000002 ​
21 ID09 P Taiwan I Other L V 18 34.67 16.21 18 28.00 3.50 0.56 0.12 0.001052 ​
22 ID10 T China B Other L L 17 83.41 3.06 15 83.27 2.78 0.05 0.13 0.004010 ​
23 ID10 T China B Other L L 11 73.64 7.72 16 70.19 10.43 0.35 0.16 0.001941 ​
24 ID11 T China B Other S W 33 16.31 2.82 31 15.84 2.55 0.17 0.06 0.003318 ​
25 ID11 T China B Other S W 33 23.03 3.26 31 20.68 5.67 0.51 0.06 0.001333 ​
26 ID11 T China B Other S W 33 24.06 3.72 31 22.42 4.14 0.41 0.06 0.001806 ​
27 ID11 T China B Other S W 33 24.48 4.69 31 27.29 6.53 − 0.49 0.06 0.009500 ​
28 ID12 P China B ChatGPT S W 32 72.44 10.74 33 67.35 8.33 0.52 0.06 0.001250 ​
29 ID12 P China B ChatGPT S W 32 3.57 0.49 33 3.33 0.52 0.47 0.06 0.001513 ​
30 ID12 P China B ChatGPT S W 32 3.49 0.59 33 3.08 0.56 0.70 0.07 0.000561 ​

(continued on next page)
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(continued )

# ID Level Country Mode Tool Duration Main Skill Treatment group Control group Effect Size Cook’s Distance 

Primary 
Secondary 
Tertiary  

Classroom 
Blended 
In-person  

Short Long Writing 
Speaking 
Vocabulary 
Reading 
Listening 

n Mean SD n Mean SD g Variance 

31 ID12 P China B ChatGPT S W 32 3.66 0.48 33 3.30 0.54 0.70 0.07 0.000589 ​
32 ID12 P China B ChatGPT S W 32 3.75 0.48 33 3.39 0.48 0.74 0.07 0.000454 ​
33 ID12 P China B ChatGPT S W 32 3.49 0.56 33 3.02 0.65 0.76 0.07 0.000391 ​
34 ID12 P China B ChatGPT S W 32 3.66 0.58 33 3.27 0.52 0.70 0.07 0.000575 ​
35 ID13 T Bangladesh I ChatGPT S W 35 11.68 6.40 35 9.51 4.36 0.39 0.06 0.001929 ​
36 ID14 T Saudi Arabia B Chatbot L V 20 14.85 3.63 20 11.70 3.21 0.90 0.11 0.000111 ​
37 ID15 T China B Duolingo L S 47 5.94 0.49 46 5.52 0.67 0.71 0.05 0.000553 ​
38 ID15 T China B Duolingo L S 47 5.78 0.67 46 5.09 0.63 1.05 0.05 0.000001 ​
39 ID15 T China B Duolingo L S 47 6.32 0.93 46 4.97 0.56 1.74 0.06 0.002197 ​
40 ID15 T China B Duolingo L S 47 5.91 0.77 46 5.13 0.92 0.91 0.05 0.000102 ​
41 ID15 T China B Duolingo L S 47 4.34 0.82 46 3.89 0.83 0.54 0.04 0.001200 ​
42 ID16 T China B ChatGPT L W 25 59.12 14.23 25 45.18 15.62 0.92 0.09 0.000091 ​
43 ID16 T China B ChatGPT L W 25 15.96 3.71 25 13.71 3.12 0.65 0.08 0.000740 ​
44 ID16 T China B ChatGPT L W 25 16.56 3.54 25 13.63 3.63 0.80 0.09 0.000288 ​
45 ID16 T China B ChatGPT L W 25 19.89 4.82 25 15.89 4.12 0.88 0.09 0.000148 ​
46 ID16 T China B ChatGPT L W 25 20.06 3.33 25 18.21 3.58 0.53 0.08 0.001215 ​
47 ID17 P Taiwan B ChatGPT S S 28 63.21 16.50 29 49.34 11.82 0.96 0.08 0.000050 ​
48 ID17 P Taiwan B ChatGPT S S 28 62.96 10.89 29 49.34 11.82 1.18 0.08 0.000062 ​
49 ID18 T China O Chatbot S S 33 5.61 2.03 33 5.76 1.35 − 0.09 0.06 0.005409 ​
50 ID18 T China O Chatbot S S 33 6.21 2.06 33 5.76 1.35 0.26 0.06 0.002753 ​
51 ID18 T China O Chatbot S S 33 4.01 1.08 33 4.02 0.78 − 0.01 0.06 0.004754 ​
52 ID18 T China O Chatbot S S 33 4.69 0.49 33 4.02 0.78 1.02 0.07 0.000010 ​
53 ID18 T China O Chatbot S S 33 3.36 1.18 33 3.30 0.91 0.06 0.06 0.004206 ​
54 ID18 T China O Chatbot S S 33 3.61 1.26 33 3.30 0.91 0.28 0.06 0.002601 ​
55 ID18 T China O Chatbot S S 33 3.49 1.02 33 3.43 0.68 0.07 0.06 0.004109 ​
56 ID18 T China O Chatbot S S 33 4.35 0.66 33 3.43 0.68 1.36 0.07 0.000395 ​
57 ID19 T Iran B Other S W 35 46.08 7.72 35 38.42 6.73 1.05 0.06 0.000001 ​
58 ID19 T Iran B Other S W 35 17.57 1.59 35 14.85 3.03 1.11 0.07 0.000011 ​
59 ID20 T China I Other L R 150 82.60 6.20 150 70.20 7.50 1.80 0.02 0.002724 ​
60 ID20 T China I Other L R 150 4.30 0.50 150 3.80 0.60 0.90 0.01 0.000120 ​
61 ID20 T China I Other L R 150 2.50 0.60 150 3.40 0.70 1.38 0.02 0.000482 *
62 ID20 T China I Other L R 150 3.10 0.50 150 4.00 0.60 − 1.63 0.02 0.026644 ​
63 ID21 T China B Other S L 42 4.23 0.36 42 4.11 0.40 0.31 0.05 0.002422 ​
64 ID21 T China B Other S L 42 2.89 0.63 42 2.97 0.57 − 0.13 0.05 0.005905 ​
65 ID21 T China B Other S L 42 3.72 0.55 42 3.69 0.61 − 0.05 0.05 0.005172 *
66 ID22 T Iran B Other L R 30 28.21 0.99 30 13.11 0.89 15.83 2.16 0.275494 †

67 ID22 T Iran B Other L R 30 4.78 0.98 30 2.67 0.69 2.46 0.12 0.009272 ​
68 ID22 T Iran B Other L R 30 4.67 0.99 30 2.17 0.89 2.62 0.12 0.011642 ​
69 ID23 T Iran I Other L S 145 17.38 3.03 142 15.05 3.95 0.66 0.01 0.000742 ​
70 ID23 T Iran I Other L S 145 54.25 11.10 142 45.03 9.77 − 0.88 0.02 0.015035 *
71 ID23 T Iran I Other L S 145 59.68 14.01 142 52.65 10.58 0.56 0.01 0.001134 ​
72 ID23 T Iran I Other L S 145 65.16 17.04 142 57.71 10.97 − 0.52 0.01 0.010319 *
73 ID24 T Saudi Arabia I Other S L 31 23.68 1.88 33 19.67 4.13 1.22 0.07 0.000114 ​
74 ID24 T Saudi Arabia I Other S S 31 16.13 2.33 33 13.70 1.33 1.28 0.08 0.000206 ​
75 ID25 T India I Chatbot L W 56 39.05 0.87 56 32.37 1.06 6.84 0.24 0.192264 †

76 ID26 T Oman I Other S R 24 65.21 12.94 24 60.50 17.80 0.30 0.08 0.002422 ​
77 ID26 T Oman I Other S R 24 66.96 13.57 24 65.88 15.12 0.07 0.08 0.003972 ​
78 ID26 T Oman I Other S R 24 28.75 11.51 24 34.38 11.08 0.49 0.09 0.001377 *
79 ID26 T Oman I Other S R 24 23.17 20.88 24 34.42 44.59 0.32 0.08 0.002300 *
80 ID26 T Oman I Other S R 24 50.54 26.07 24 43.88 20.14 − 0.28 0.08 0.007103 *
81 ID26 T Oman I Other S R 24 3.21 2.45 24 3.54 2.59 0.13 0.08 0.003560 *
82 ID26 T Oman I Other S R 24 0.96 1.30 24 1.33 1.17 0.29 0.08 0.002443 *
83 ID27 T China B Other L R 31 3.75 0.29 30 3.50 0.36 0.76 0.07 0.000410 ​
84 ID28 T China I Other S S 29 3.18 0.56 24 2.80 0.65 0.62 0.08 0.000832 ​
85 ID29 T Iran I Other S W 276 25.80 8.70 285 20.81 7.26 0.62 0.01 0.000894 ​
86 ID29 T Iran I Other S W 276 18.91 3.90 285 14.95 4.49 0.94 0.01 0.000072 ​
87 ID29 T Iran I Other S W 276 52.78 4.31 285 48.95 5.70 0.76 0.01 0.000442 ​
88 ID30 T Saudi Arabia I Other S R 43 32.94 1.52 49 23.85 1.67 5.63 0.22 0.113235 †

89 ID31 T Kazakhstan I Chatbot L L 48 6.21 1.68 45 5.09 1.35 0.73 0.05 0.000506 ​
90 ID31 T Kazakhstan I Chatbot L W 48 3.62 0.73 45 3.18 0.65 0.63 0.05 0.000831 ​
91 ID32 T Indonesia I ChatGPT S W 25 81.11 22.98 25 60.30 20.18 0.95 0.09 0.000058 ​
92 ID33 T Saudi Arabia B Other S V 37 13.51 5.62 37 13.81 5.02 − 0.06 0.05 0.005177 ​
93 ID34 T China I Other S W 35 6.03 0.98 35 5.81 0.93 0.23 0.06 0.002949 ​
94 ID34 T China I Other S W 35 6.49 1.22 35 6.37 1.21 0.10 0.06 0.003895 ​
95 ID35 T Vietnam B ChatGPT L W 38 6.89 0.59 38 6.12 0.64 1.24 0.06 0.000141 ​
96 ID36 T Saudi Arabia I Other S L 30 17.38 1.60 27 13.83 3.07 1.45 0.09 0.000691 ​
97 ID37 T Kuwait I Other S R 40 17.75 2.30 40 16.00 2.00 0.80 0.05 0.000299 ​
98 ID38 T Oman I Other S R 30 18.46 0.97 30 9.30 1.74 6.42 0.41 0.128981 †

99 ID39 S Taiwan I Chatbot L L 31 91.58 22.47 31 81.35 25.25 0.42 0.07 0.001747 ​
100 ID39 S Taiwan I Chatbot L L 30 83.73 28.88 31 81.35 25.25 0.09 0.07 0.003945 ​

(continued on next page)
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(continued )

# ID Level Country Mode Tool Duration Main Skill Treatment group Control group Effect Size Cook’s Distance 

Primary 
Secondary 
Tertiary  

Classroom 
Blended 
In-person  

Short Long Writing 
Speaking 
Vocabulary 
Reading 
Listening 

n Mean SD n Mean SD g Variance 

101 ID40 T Indonesia B ChatGPT L W 25 86.48 3.18 25 77.28 6.34 1.81 0.11 0.002508 ​
102 ID41 T Indonesia I Other S W 33 7.63 2.08 38 5.89 2.01 0.84 0.06 0.000216 ​
103 ID41 T Indonesia I Other S W 33 7.66 2.04 38 6.63 2.57 0.44 0.06 0.001694 ​
104 ID41 T Indonesia I Other S W 33 7.63 1.78 38 6.44 0.23 0.96 0.06 0.000046 ​
105 ID41 T Indonesia I Other S W 33 7.93 1.88 38 5.94 2.22 0.95 0.06 0.000056 ​
106 ID41 T Indonesia I Other S W 33 7.63 2.08 33 6.36 2.21 0.58 0.06 0.000991 ​
107 ID41 T Indonesia I Other S W 33 7.66 2.04 33 6.48 2.32 0.53 0.06 0.001209 ​
108 ID41 T Indonesia I Other S W 33 7.63 1.78 33 6.48 2.41 0.54 0.06 0.001197 ​
109 ID41 T Indonesia I Other S W 33 7.93 1.88 33 6.27 2.54 0.73 0.06 0.000474 ​
110 ID42 T South Korea O Other S R 40 69.13 11.47 33 66.89 11.90 0.19 0.06 0.003217 ​
111 ID42 T South Korea O Other S R 40 70.25 12.14 33 66.89 11.90 0.28 0.06 0.002632 ​
112 ID43 T China I Other L S 29 4.16 0.46 32 4.08 0.45 0.17 0.07 0.003298 ​
113 ID43 T China I Other L S 29 5.11 0.89 32 4.47 0.75 0.77 0.07 0.000372 ​
114 ID43 T China I Other L S 29 3.42 0.47 32 3.49 0.43 − 0.15 0.07 0.005997 ​
115 ID43 T China I Other L S 29 4.59 0.76 32 4.05 0.53 0.82 0.07 0.000257 ​
116 ID43 T China I Other L S 29 4.48 0.59 32 4.38 0.63 0.16 0.07 0.003385 ​
117 ID43 T China I Other L S 29 4.92 0.55 32 4.57 0.59 0.60 0.07 0.000906 ​
118 ID43 T China I Other L S 29 4.92 0.49 32 4.82 0.33 0.24 0.07 0.002849 ​
119 ID43 T China I Other L S 29 5.80 0.58 32 5.37 0.45 0.82 0.07 0.000252 ​
120 ID44 S Egypt I ChatGPT L V 31 72.11 1.66 31 70.97 1.73 0.66 0.07 0.000691 ​
121 ID45 P Egypt B Other L R 45 14.82 0.74 45 8.87 1.67 4.57 0.16 0.065844 †

122 ID45 P Egypt B Other L R 45 8.00 0.85 45 4.69 0.97 3.60 0.12 0.033629 †

123 ID45 P Egypt B Other L R 45 8.51 0.86 45 4.49 0.94 4.42 0.15 0.060415 †

124 ID45 P Egypt B Other L R 45 31.33 1.79 45 18.04 2.73 5.71 0.23 0.116510 †

125 ID46 T Egypt B Other S W 30 54.37 5.54 30 45.50 5.32 1.61 0.09 0.001386 ​

† Studies identified as influential outliers (Cook’s d > 0.032).
* Negative constructs (e.g., anxiety, demotivation) were reverse coded so that positive effect sizes here represent improvement in skill.

Appendix C. Moderator key

Full breakdown of moderators, including those treated collectively due to similarities between them.

Specific Skill Terminologies used in the articles

Accuracy “accuracy”, “revising”, “grammar”, “correct words”, “omissions”*, 
“insertions”*, “repetitions”*

Reading and 
Comprehension

“understanding (reading)”, “reading comprehension”, 
“comprehension”, “reading”

Fluency “fluency”, “pronunciation”, “accentedness”, “comprehensibility”
Listening “listening skills”, “listening”
Motivation “interest”, “willingness”, “motivation”, “engagement”, “reading 

engagement” “demotivation”*
Organization & 

Development
“organization”, “planning”, “cohesion and consistency”, “content 
development”, “writing development”

Overall speaking “speaking performance”, “speaking”, “spontaneous speech”, 
“global speaking”

Overall writing “writing performance”, “writing proficiency”, “writing”
Self-regulation “self-monitoring”, “discipline and regulation”, “metacognitive 

awareness”, “cognitive load”, “critical thinking”, “sense of flow”, 
“self-regulation”, “self-corrections”, “mindfulness”

Self-efficacy “perceived competence”, “confidence”, “reduced anxiety”, “social 
emotional competence”, “anxiety”*, “listening anxiety”*, 
“shyness”*

Vocabulary 
knowledge

“lexicon”, “productive and receptive vocabulary”, “vocabulary 
knowledge”, “lexical quality”, “vocabulary”

Note: * reverse-coded (effect size multiplied by -1 to accurately present improvement)

Mode of Instruction Description

Online AI integration fully online course
Blended AI used both in- and outside-classroom activities
Classroom AI used in traditional face-to-face instruction

AI Tool Included Tools

ChatGPT ChatGPT
Duolingo Duolingo
Chatbot “Andy English chatbot”, “Google DialogFlow”, D-ID Agent, “typebot”, “AI- 

Enhanced WhatsApp”,

(continued on next page)
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(continued )

AI Tool Included Tools

Other “Prowritingaid”, “Grammarly”, “Google Text-to-Speech”, “tensor flow”, “the 
English listening learning platform”, “Instructor-designed Tool”, “Smart 
Sparrow”, “ReadToMe”, “ELSA speak”, “Microsoft Reading Progress”, 
ReadMate, “Gemini and ChatGPT”, “Coze”, “Nearpod”, “Google Assistant”, 
“Papago and Google AI”, “Speechnotes - Speech to Text”

Geographic 
Area

Specific Countries (# of studies)

Other Asia Afghanistan (2), Kazakhstan (2), Bangladesh (1), India (1)
East Asia China (50), Iran (19), Indonesia (10), South Korea (7), Taiwan (7), 

Japan (3), Asia Pacific (1), Vietnam (1)
Middle East Oman (8), Egypt (culturally/linguistically) (6), Saudi Arabia (6), 

Kuwait (1)

Duration Length of study

Long >10 weeks
Short ≤10 weeks
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