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A B S T R A C T

The proposed meta-analysis study examines the pedagogical role of artificial intelligence (AI)-based in
terventions in English as a Foreign Language (EFL) education through a synthesis of empirical evidence of 23 
peer-reviewed experimental and quasi-experimental experiments published in 2019–2025. Scheduling a strict 
systematic review process in accordance with the PRISMA principles, the work investigates AI solutions, 
including chatbots, automated writing assessment platforms and virtual reality applications, assessing their 
effectiveness in relation to various demographic groups of learners, teaching environments, and language 
achievements. The effects sizes were calculated using the Comprehensive Meta-Analysis (CMA) software and g of 
Hedge on a random-effects model. The combined findings reported a statistically significant and large overall 
effect (g = 1.10, SE = 0.18, 95 % CI [0.75, 1.44]) that means that AI-ready pedagogies improve EFL learning 
outcomes significantly, especially regarding such aspects as the accuracy of writing, fluency in speaking, and 
motivation of the learners. In addition, other beneficial affective effects of using AI included the reduction of 
anxiety and motivation and enjoyment among the learners. Subgroup analyses also indicated that the kind of 
measurement tool had a pronounced moderating effect on effect size, with affective variables (e.g., motivation, 
engagement) having stronger increases than only quantitative variables (e.g., word count). Heterogeneity was 
high (I2 = 92.66) in order to highlight the role of contextual and methodological differences. The findings are 
part of the increasing literature on AI in language learning that provides empirical data on informing educational 
practices to guide further studies on the adoption of the concept of intelligent technologies in EFL teaching.

1. Introduction

The use of educational technology tools helps to increase student 
engagement and promote positive language learning outcomes. There
fore, it is possible to say that technology tools used in teaching provide 
many advantages for language teachers (Xue & Wang, 2022). When 
technology use is considered today, it is seen that it plays an important 
role both in classroom environments and in learning outside the class
room. The use of technology is in high demand in all educational en
vironments (Chen et al., 2020).

As new technologies have become an indispensable part of human 
life today, learning methods have also changed from traditional methods 
to digital methods. Students and educators have also begun to welcome 
the use of new technologies in the learning process (Alqahtani, 2019; 
Shadiev & Wang, 2022). While various technologies have become an 
integral part of the teaching and learning environment, teachers today 
facilitate student learning with artificial intelligence approaches such as 
augmented reality, virtual reality, and robotic automation (Zakian et al., 

2022).
With the introduction of OpenAI's ChatGPT, a large language model, 

AI has become a part of the daily lives of millions of people. In this 
respect, educational institutions have been greatly impacted by the use 
of AI tools (Chen et al., 2020; Chung & Bong, 2022; Klimova et al., 2023; 
Muratbekovna et al., 2024). Regarding the language learning, it is 
improving the learning process using different innovative tools and 
techniques. These systems apply the natural language processing algo
rithms to interpret and justify the reactions of learners and to give 
feedbacks and recommendations on how to improve on them. Using AI, 
language learners now can use customized and flexible learning plat
forms that can be adjusted to their needs and preferences (Irgatoğlu, 
2021; Lin, 2021; Nagy, 2021). Moreover, the affective context of lan
guage acquisition is imperative because anxiety may complicate the 
performance. Right after the latter, AI-based chatbots serve to alleviate 
this problem by offering a non-judgmental space in which learners can 
practice in a non-scolding and anxiety-free environment (Vasconcelos & 
Santos, 2023). Through the implementation of AI, learning a language is 
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becoming efficient, interactive, and approachable to learners across all 
levels (Pratibha, 2019).

While the integration of artificial intelligence into language educa
tion presents numerous advantages, it might also introduce several 
challenges that educators must carefully address (Huang et al., 2021). 
For example, an overreliance on technology may suppress diverse 
learning preferences by promoting uniform instructional styles (Gocen 
& Aydemir, 2020). Since effective language learning heavily depends on 
communication and interaction, excessive dependence on AI tutors 
might hinder learners' development of real-world conversational skills. 
Moreover, the use of AI in educational settings raises ethical concerns, 
particularly regarding data privacy and algorithmic bias (Cheng et al., 
2021). The collection of detailed information about students' learning 
profiles could potentially result in unauthorized access and misuse of 
personal data. Additionally, biased datasets embedded in AI systems 
may lead to unequal educational opportunities by favoring certain stu
dent demographics. Although AI-powered tools have the potential to 
democratize language education and expand access across socioeco
nomic and geographical boundaries, disparities in technological infra
structure could deepen existing inequities (Beaunoyer et al., 2020).

Bearing positives and negatives in mind, there has been a growing 
interest in conducting research on the impact of the use of AI in language 
learning from both cognitive and psychological aspects (Jiang, 2022). 
However, fragmented research relating to AI applications in English 
language education creates a requirement to perform a comprehensive 
analysis of already published work. The results of these numerous 
research studies stand in conflict because researchers use different ap
proaches and collect data from varied subject groups while deploying 
different evaluation tools. Orchestrating statistical synthesis across 
divergent findings from several research reports allows the calculation 
of overall effect sizes and appropriate identification of moderating fac
tors that affect the results. Research results from multiple studies allow 
educational institutions to create robust understandings about AI's ef
fects on education, which enables them to base their decisions on solid 
evidence when adopting and implementing educational practices that 
incorporate AI technologies.

The investigation through meta-analysis targets an answer to these 
research questions about AI's effects on English language learning: 

1. What are the combined effects of AI interventions on the cognitive 
and affective achievements of learners in learning English as a 
foreign language?

2. What are the moderating factors that highlight the heterogeneity 
underlying AI's effectiveness across studies, contexts, and tools?

3. What have been the trends regarding publications and research ap
proaches in AI-based English language teaching investigations?

1.1. Limitations

The research analyzes empirical peer-reviewed studies about AI in 
English language education that were published between 2019 and 2025 
in both Scopus and WoS databases. The methodological restrictions 
implemented to ensure research validity exclude certain publications, 
thereby limiting the scope of generalization to all relevant material. The 
assessment of results must be done with awareness of the potential 
publication bias that exists alongside the underrepresentation of various 
educational settings. Experimental designs function as the sole research 
approach in this study without integrating findings from qualitative 
research. Several limitations are placed on the interpretation of results. 
First, the quasi-experimental design with intact classes weakens strong 
claims to causal results and may open the door to unmeasured differ
ences between groups. Second, the study was performed at a single 
institution and over a relatively short period of time, which raises con
cerns about the durability of effects and generalizability. Third, results 
were dependent on a single platform/configuration of AI feedback; 

affordances specific to tools (e.g., prompt design, interface, feedback 
granularity) do not necessarily generalize to other systems. Fourth, self- 
report measures of affect may be subject to demand effects. As the study 
was based on English-only data, results may not generalize fully to 
multilingual contexts, which may reduce cultural generalizability. In 
addition, factors such as variation in the level of teacher assessment 
literacy, in students' digital access, and in data-governance practices 
may moderate effects in real classrooms.

2. Literature review

In the last few years, research on the integration of artificial intelli
gence (AI) into the field of foreign language instruction has expanded 
considerably and has also shown great promise for innovation in its 
many elements. A large number of studies have investigated the effec
tiveness of various AI-based tools (e.g., chatbots, automated writing 
evaluation systems, virtual reality applications) in improving students' 
engagement, their motivation, linguistic accuracy, fluency, and critical 
thinking. Artificial intelligence enables the support of current educa
tional targets, including learner autonomy and differentiation, by 
delivering personalized education and automatic response systems with 
an analytics background (Li, 2022; Tanaka, 2023).

Second language acquisition research supports the pedagogical ad
vantages researchers have observed regarding theoretical alignment. 
The recorded advantages of AI tools for fostering interaction and input- 
rich environments match the principles of Krashen's (1985) Input Hy
pothesis and Long's (1996) Interaction Hypothesis that stress compre
hensible input along with meaningful interaction for L2 acquisition.

Educational facilities worldwide display rising enthusiasm about AI 
deployment in EFL classes because it brings language benefits and 
mental and emotional learning progress. The features of personalized 
individual feedback and quick response time until appropriate levels of 
understanding are achieved through AI tools explain better learner 
motivation and reduced anxiety and increased confidence, according to 
self-efficacy theory (Bandura, 1997) and self-determination theory (Deci 
& Ryan, 1985).

2.1. Motivation in EFL learning and teaching

Motivation is a central predictor of L2 achievement (Gardner, 2010; 
Dörnyei, 2001). Taking the process perspective, Dörnyei (2005, 2009)
rethinks motivation as dynamic and future-oriented through the L2 
Motivational Self System: learners are motivated by a vivid ideal L2 self, 
which is maintained by self-regulatory strategies that help them to 
endure. AI-improved environments are also consistent with this vision: 
the adaptive tasks, visualization of progress, and dialogic feedbacks 
assist the learners to minimize the gap between their real and desired 
selves (Chen et al., 2021; Irgatoğlu, 2024; Wei, 2023). There is an in
crease in willingness to communicate (WTC) a motivational/affective 
outcome closely connected with confidence and self-concept, as well, 
that is also boosted by gamified AI chatbots (Al-Shehri, 2020; Brown & 
Lee, 2023). Simply stated, AI has the ability to formalize inspirational 
vision, self-control, and continued commitment that according to Dor
nyei is a driving force behind long-term L2 involvement (Dörnyei & 
Ushioda, 2011).

AI tools also help to increase intrinsic motivation since they provide 
customized, interactive experiences (Brown & Lee, 2023). This user 
engagement is further supported by insights from educational technol
ogy models. EFL learners widely adopt AI tools because they perceive 
these tools as useful and easy to use, according to the Technology 
Acceptance Model (Davis, 1989). Besides, working memory overload in 
learning processes can be minimized with the help of AI tools. The 
working memory demands decrease according to Cognitive Load Theory 
(Sweller, 1994) when pathways become simpler and scaffolded feed
back systems are in place to improve knowledge absorption. There has 
been some research related to motivation in EFL and L2 learning.
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AI also boosts engagement and motivation. These gamified platforms 
with AI chatbots or virtual tutors enhance the participation and reduce 
the anxiety in speaking tasks (Al-Shehri, 2020). The researchers of 
Brown and Lee (2023) also reported that AI-powered simulations 
increased a learner's willingness to communicate (WTC) by 42 %. 
Nevertheless, as Garcia and Martinez (2020) discuss, AI has limited af
fective support due to its lack of human empathy. These include algo
rithmic biases susceptible to reproducing stereotypical and 
discriminative assumptions (Kumar & Patel, 2023), concerning in
volvements of privacy due to the collection of data (Garcia & Martinez, 
2020), and the reduced access to digital resources in low-resource set
tings (Al-Shehri, 2020).

In an experimental study in which 800 rural university students 
participated, Anuradha et al. (2023) examined how AI-based learning 
affects rural university students' English proficiency. It affirmed AI's 
ability to assist with engagement and outcomes, with those who utilized 
AI tools performing significantly more strongly than the control group 
and displaying more positive attitudes. Likewise, Wei (2023) proved 
that AI instruction mediated by AI helped Chinese EFL learners improve 
their grammar, vocabulary, reading, and writing as well as their L2 
motivation and self-regulation. The strong correlation between AI and 
better motivation and personalized learning experiences is in line with 
the urge to use AI in EFL pedagogy with individualized and motivating 
approaches.

In research by Ouyang et al. (2024), it is emphasized that both 
anxiety associated with foreign language learning and students' 
communication willingness are psychological elements. The usage of 
Duolingo, according to the authors, led to improved willingness to 
communicate (WTC) and higher class engagement levels for students. 
Students using the AI assistant Lora experienced enhanced foreign lan
guage enjoyment (FLE) and WTC levels, while their anxiety decreased, 
according to Zhang et al. (2024). The acquired psychological safety and 
confidence demonstrate how AI technologies impact socio-emotional 
aspects of language learning throughout the entire process. The inte
gration of AI by Dong (2023) and Shin (2021) has enabled immediate 
feedback delivery and enhanced both learner participation and problem- 
solving abilities, which help students close skill gaps across diverse 
language abilities.

2.2. Anxiety reduction in EFL learning and teaching

From a motivational perspective, anxiety regulation is part of sus
taining engagement over time; learners persist when they perceive 
control and progress (Dörnyei, 2005; Dörnyei & Ushioda, 2011). AI can 
lower anxiety through several mechanisms: (a) cognitive load reduction 
via scaffolded, segmented, multimodal feedback (Mayer, 2009; Sweller, 
1994); (b) perceived competence through immediate, criterion-based 
responses; and (c) safe practice spaces (private drafts, simulations) 
that support emotion regulation. Empirically, AI feedback has been 
associated with reduced writing anxiety (Wang, 2024) and higher 
enjoyment/WTC in chatbot-supported tasks (Al-Shehri, 2020; Zhang 
et al., 2024). In Dörnyei's terms, such tools strengthen control beliefs and 
self-efficacy—key affective components of motivational trajector
ies—thereby lowering the likelihood that anxiety disrupts the “actional” 
phase of learning (Dörnyei, 2005, 2009). Still, affective support is not 
entirely substitutable: limited empathy in AI means human mediation 
remains important (Garcia & Martinez, 2020).

The usefulness of AI technology covers complete competencies such 
as critical thinking and linguistic accuracy. The research conducted by 
Liu and Wang (2024) incorporated AI tools, including ChatGPT, Sum
marizBot, and Bodoudou, into their English literature classes. Research 
with the experimental group demonstrated an important increase in 
critical thinking ability, thus confirming that AI-assisted scaffolding 
helps students develop complex intellectual skills. The reasoning 
development through digital assistance matches the concepts of 
Vygotsky's Zone of Proximal Development theory. Mohammed and 

Khalid (2025) showed that AI feedback aided learners in acquiring 
better writing abilities as well as enhancing their foreign language peace 
of mind (FLPoM) alongside trait emotional intelligence and motiva
tional levels. The use of AI helped reduce learners' anxiety and enhanced 
their self-regulation ability, which resulted in better engagement 
quality.

An AI-based system named Poe received evaluation by Wang (2024)
among 75 Chinese EFL learners who used its writing feedback. Both 
groups receiving teacher-based and AI-based comments demonstrated 
substantial writing improvement through accuracy and fluency and 
complexity development, while AI-based comments delivered the 
highest level of gains between them. AI-based feedback methods suc
cessively reduced writing anxiety because they provided timely and 
personalized feedback to students.

2.3. Feedback efficacy in EFL learning and teaching

Feedback is most effective when it supports self-regulation and goal- 
oriented action, the very mechanisms Dörnyei highlights as sustaining 
motivated behavior over time (Dörnyei & Ushioda, 2011). AI systems 
can enhance efficacy by delivering timely, specific, and dialogic feed
forward, mapped to clear criteria (Mayer, 2009), while keeping pro
cessing demands manageable (Sweller, 1994). Evidence shows AI- 
assisted feedback can improve revision quality, accuracy, and organi
zation (Mahapatra, 2024; Wang, 2024), and—when integrated into 
collaborative workflows—can raise syntactic complexity and lexical 
diversity (Wiboolyasarin et al., 2024). At the same time, findings are 
mixed across tools: teacher feedback often outperforms standalone 
automated systems, and AI can drift toward form-over-meaning em
phases or reflect bias (ElEbyary et al., 2024; Kumar & Patel, 2023). The 
most robust pattern is hybrid design: human feedback for higher-order 
concerns and empathy, with AI for high-frequency, low-stakes, itera
tive guidance—together cultivating the motivational control, strategy 
use, and reflective habits that Dörnyei (2005, 2009) associates with 
successful, sustained L2 learning.

AI-driven personalized learning is a key area. Learner analytics are 
used as an adaptive system to change the difficulty and pacing of content 
when learners' proficiency gaps need to be addressed (Chen et al., 2021). 
For instance, in Li (2022), she discovered that the use of AI algorithms to 
analyze writing errors increased the grammatical accuracy and lexical 
diversity in it. In the same way, adaptive vocabulary apps produced 34 
% more retention than conventional methods (Chen et al., 2021). 
Furthermore, the way AI systems deliver instructional feedback aligns 
with instructional design principles. AI-based feedback systems follow 
Mayer's (2009) multimedia learning principles by applying redundancy 
together with modality and segmenting to improve cognitive efficiency 
in technological environments. NLP-powered grammar checkers are 
automated feedback systems that are instant and criterion-based and 
thus ease the instructor workload (Smith & Johnson, 2021). According 
to Tanaka (2023), AI feedback could improve writing complexity, 
whereby revision quality and self-editing skill are improved; however, 
some suggested that it may potentially focus on form over meaning 
(Kumar & Patel, 2023).

Recent empirical studies have continued in part to validate the 
multifaceted role of AI in EFL contexts, that is, in proving AIs' effec
tiveness in different linguistic domains and in different learner pop
ulations. For instance, AI-driven interventions in rural settings 
(Anuradha et al., 2023), pronunciation training (Chung & Bong, 2024), 
and critical thinking development (Liu & Wang, 2024) underscore its 
adaptability. However, the efficacy of feedback (ElEbyary et al., 2024) 
and affective outcomes (Zheng, 2024) comes with mixed results, as it 
depends on the context of how the feedback is implemented. Together, 
these studies provide objective guidance for how to best balance the 
robots' pedagogical intention with automation so that both benefit each 
other.

Several researchers have targeted the oral communication skills. To 
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investigate the effects of MALL, Chung and Bong (2024) conducted an 
experiment where they divided 74 Korean learners into a control group, 
a form-focused group, and a mobile AI-driven pronunciation training 
(MALL) group. L2 listening competence and motivation of the MALL 
learners showed notable gains. The phonological skills, notably with 
consonant sounds, were attuned to an excellent degree through the AI 
way. Kemelbekova et al. (2024) conducted a similar study where they 
examined how AI chatbots help first-year Kazakh university students, in 
which they found that AI-based interaction resulted in more pronounced 
improvements in intonation and stress patterns than usual. Additionally, 
Obari et al. (2020) tests the integration of AI with the use of virtual 
reality complementing blended EFL sessions. Japanese undergraduates 
who wrote essays as they listened in a VR world while working with AI- 
based smart speakers during their studies outperformed their control 
groups over two semesters in terms of listening and speaking profi
ciency. Taken together, these studies imply that the effective use of AI is 
in personalized corrective feedback and pronunciation training on the 
go for the sake of communicative competence.

Several research studies examine the influence of artificial intelli
gence on writing education. ElEbyary et al. (2024) conducted research 
to evaluate how teacher feedback and Grammarly and E-rater and no 
feedback affected error noticing and writing performance. Similar to 
instructor feedback, algorithms demonstrate mixed effectiveness, yet 
teacher feedback achieved the best outcomes; therefore, AI systems 
connected with experienced instructor intervention would generate the 
most efficient practices. Mahapatra (2024) conducted research about 
employing ChatGPT for delivering formative feedback in ESL writing 
instruction. Three writing tests and focus group interviews took place 
with fifty-six control students and seventy-eight experimental students. 
ChatGPT created superior written compositions through improved 
grammar alongside better vocabulary choices and content organization 
and structural organization that additionally motivated students to learn 
independently. AI systems demonstrate the capacity to deliver mean
ingful dialogic feedback when implemented in the right manner because 
their effects continue to be positive.

Wale and Kassahun (2024) studied college EFL learners in Ethiopia 
who utilized Writerly and Google Docs, which led to major improve
ments in writing content along with coherence and lexical variety and 
grammatical precision. The learners highly valued how automated 
feedback united with collaborative editing functions because it 
demonstrated promising benefits for both better writing instruction and 
a reduction in teacher workload.

The automated tools provide personalized scaffolding immediately, 
according to Liu et al. (2025). The ACF-PA automated corrective 
feedback-based peer assessment system demonstrated superior results 
than traditional peer evaluation by improving pronunciation ability and 
student motivation and self-regulated learning success among college 
students. According to Wiboolyasarin et al. (2024), structured collabo
rative writing assignments that included AI feedback produced better 
syntactic complexity as well as lexical diversity in writing produced by 
Thai exchange students. The partnership of artificial intelligence with 
peer involvement creates advanced learning independence, thus pre
senting adaptable student-centered educational approaches for big 
classes with students of different backgrounds.

The field of artificial intelligence expands beyond writing and 
speaking tasks in English as a foreign language education. The study by 
Cao (2019) showed that college students who learned English through 
VR performed better on their tests, particularly in the listening and 
writing sections. X-Education is an AI and edge computing and IoT 
sensor framework developed by Hwang and Nurtantyana (2022) that 
enhances knowledge acquisition and writing abilities among graduate 
EFL students. These state-of-the-art frameworks indicate how they will 
merge device-based artificial intelligence with durable external systems 
that provide dynamic questions and feedback capabilities. The synergy 
between AI and VR and IoT technologies creates new possibilities in 
digital education and feedback enhancement as well as improved 

language learning outcomes.
Despite their identified advantages, the research studies acknowl

edge various implementation challenges. AI feedback reliability stands 
differently among systems (teacher feedback demonstrated greater re
sults than specific automated tools according to ElEbyary et al., 2024), 
but text-based evaluations from AI encounter challenges due to semantic 
subtleties (Su, 2019). Larger post-secondary class adoption meets mul
tiple implementation challenges because it requires advanced technol
ogy along with highly skilled teachers who can handle electronic data 
effectively but also avoid unnecessary automated feedback automation. 
Research presents evidence for utilizing dual feedback methods by 
which teachers combine their oversight with AI-generated feedback.

In summary, research demonstrates AI tools such as chatbots and VR 
systems and writing/assessment applications produce positive results in 
language proficiency development and create both good learner feelings 
and promote motivation in students. When students learn with artificial 
intelligence, they demonstrate lowered anxiety and stronger motivation 
together with self-governance improvements. Large educational settings 
together with remote learning contexts can benefit from this imple
mentation, which provides real-time analytical feedback to release 
teachers for instructional activities. Multiple AI techniques fail to 
resolve the complete learning complexity of language because teachers, 
along with peer assistance and ongoing assessment research, are 
necessary to advance AI educational capabilities.

3. Method

This systematic review adopts a meta-analytic approach to synthe
size empirical evidence, following PRISMA guidelines for transparency 
and reproducibility. The examination of experimental research focusing 
on artificial intelligence (AI) in English as a Foreign Language (EFL) 
settings utilized a systematic review with meta-analytic methods that 
followed the recommendations of the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) guidelines. The pur
pose of our study was to locate and evaluate empirical research that 
examined AI-based teaching methods by experimental and quasi- 
experimental and controlled and pretest–posttest methodologies in 
EFL/ESL environments. Our research methodology consists of several 
sections that explain our search strategy together with inclusion and 
exclusion criteria and screening procedures and data extraction methods 
and the justification for selected studies.

3.1. Search strategy

A comprehensive electronic search was performed in the Web of 
Science (WoS) Core Collection using the following query string (adapted 
to the database syntax):

(“artificial intelligence” OR AI OR chatbot OR “chat GPT” OR 
ChatGPT) AND (“English language teaching” OR ELT OR EFL OR ESL OR 
“language learning”) AND (“experimental study” OR “controlled study” 
OR “quasi-experimental” OR “intervention study” OR “pretest-posttest”) 
NOT (“meta-analysis” OR “systematic review” OR “literature review” 
OR “machine learning” OR “deep learning” OR “neural networks” OR 
“natural language processing”)

Results were refined by selecting: 

• Publication Years: 2019, 2020, 2021, 2022, 2023, 2024, and 2025
• Document Type: Articles (SSCI)
• Web of Science Categories: Education Educational Research OR 

Psychology Multidisciplinary OR Language Linguistics OR Psychol
ogy Experimental

• Citation Topics: 6.69 Language & Linguistics, 6.11 Education & 
Educational Research, or 6.73 Social Psychology

References of the identified articles were also reviewed to locate any 
additional articles that met the scope of this study but were not captured 
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initially.

3.2. Inclusion and exclusion criteria

The research selection established these criteria to direct study 
consideration: 

1. The intervention included AI-based tools such as automated writing 
evaluation and chatbots and VR/AR with AI components for English 
as a foreign/s language instruction or assessment.

2. The study design included experimental and quasi-experimental 
approaches because it required articles with defined control and 
intervention groups to allow educational outcome comparison.

3. One or more relevant outcome measurements had numeric results in 
the included studies, which included writing accuracy and motiva
tion and speaking proficiency through means, standard deviations, F- 
values, or effect sizes.

4. All the included research papers appeared within the designated time 
period starting from 2019 to reflect contemporary views on AI-based 
teaching methods.

5. Were written in English: To ensure consistent coding reliability, only 
full-text papers in English were considered.

Any articles that: 

• Were meta-analyses, systematic reviews, or conceptual reviews,
• Centered solely on machine learning, deep learning, or neural net

works without an educational or pedagogical intervention 
component,

• Examined purely theoretical or computational modeling without 
applying those AI systems to a language learning setting,

• Lacked a control or comparison group, making it impossible to 
isolate the effects of AI interventions on participants who were 
excluded from the analysis.

3.3. Screening and selection process

PRISMA flow chart steps were followed—identification, screening, 
eligibility, and inclusion—to ensure transparent article selection: 

1. Identification: The initial search in WoS yielded a set of articles (n =
48) when refined by our predefined criteria. We recorded each result, 
then exported titles, abstracts, and metadata for reference manage
ment. The same procedure was carried out also when searching in 
Scopus, which resulted in 50 articles.

2. Screening: After removing any duplicate entries (some articles 
reappeared under different indexing), 48 unique documents 
remained. Two reviewers independently screened titles and abstracts 
to gauge relevance. The researchers excluded abstracts that did not 
address AI implementation in EFL teaching or failed to demonstrate 
specific intervention designs at this point.

3. Eligibility: The assessment of complete article documents occurred 
after researchers examined their methods and data reporting to 
decide which articles would move forward. Studies were excluded 
from the research analysis when pretest-posttest testing methods 
were not clearly explained or when proper control groups were ab
sent. The research team excluded papers that provided weak refer
ences to AI or lacked essential data for determining effect sizes.

4. Inclusion: The implementation of established criteria allowed re
searchers to focus on 23 articles. These 23 studies contain a wide 
variety of AI technologies, which include chatbots along with auto
mated writing evaluation platforms and VR-based and mobile-based 
interventions alongside multiple EFL learning outcomes such as 
writing proficiency and pronunciation and motivation and anxiety 
and engagement. The two reviewers discussed inconsistencies until 
they reached agreement on all points.

3.4. Data extraction and coding

Two researchers used a shared spreadsheet to extract this informa
tion from each included study:

The research design consisted of either true experimental or quasi- 
experimental settings with information about sample sizes and group 
allocations. 

• Participant Demographics: Age range, proficiency level, educational 
context

• Study interventions required information about AI tool characteris
tics as well as the nature of tasks participants worked on and feed
back systems and intervention duration.

• The assessment included the targeted language abilities (speaking 
and writing) and their measurement tools together with their reli
ability indicators.

• The paper provides statistical data about means and standard de
viations together with effect sizes and significance tests for every 
outcome reported.

• The study analyzed randomization procedures together with blind
ing methods and attrition rate.

• Authors were contacted when data had limited or unclear informa
tion to seek clarification about the study. Studies lacking essential 
information were eliminated from the review.

3.5. Rationale for final sample size

The present meta-analysis includes 23 studies, which serve both 
statistical and theoretical justification because of the new developments 
in artificial intelligence (AI) applications in English as a Foreign Lan
guage (EFL) education. The current number of 23 studies matches the 
accepted standards that exist for specialized research syntheses in 
emerging research areas. The statistical power calculated from a post 
hoc analysis with α = 0.05, Hedge's g = 1.10, and an average sample size 
of 50 participants reaches 80 % power levels beyond the accepted 
thresholds to detect medium-to-large effects (Cohen, 1988). The 
random-effects model enables accurate effect size estimation across 
varied contexts because it addresses significant heterogeneity between 
studies (τ2 = 0.67; I2 = 92.66 %) (Borenstein et al., 2021).

The study exclusively includes experimental and quasi-experimental 
designs that meet PRISMA guidelines for systematic reviews and meta- 
analyses (Page et al., 2021) by prioritizing internal validity above all 
else. Although studies are limited in number, 1872 research participants 
from 12 different countries completed assessments of various artificial 
intelligence interventions, including chatbots along with intelligent 
writing assistants and VR-enhanced learning tools. The combination of 
various countries and technology systems throughout the studies boosts 
representative power while improving general knowledge applicability 
despite the lower number of included works.

Theoretical studies about educational technology domains that focus 
on specific areas usually analyze between 20 and 30 studies since arti
ficial intelligence recently entered pedagogical practices (Tanaka, 
2023). The robustness of a meta-analysis stems from heterogeneity 
levels alongside the existence of moderator variables, according to 
Valentine et al. (2010). Observed heterogeneity demonstrates sufficient 
variability according to subgroup differences like Q = 178.32, p < 0.001 
for scales versus word count, which enables complex moderator ana
lyses. The cumulative analysis shows thematic saturation happened after 
fifteen studies, while additional studies improved the effect size preci
sion without changing the overall study findings. The 23 meticulously 
evaluated studies in this research provide an adequate empirical basis to 
derive significant findings about AI's educational impact in EFL 
instruction.
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3.6. Data synthesis and analysis

For quantitative synthesis, relevant statistics (e.g., t, F, p-values) 
were converted into effect sizes (Hedges' g) using standard formulas. In 
instances where multiple outcome measures were reported, separate 
effect sizes were computed for each measure (e.g., writing accuracy, 
speaking fluency) to identify domain-specific impacts. Fixed-effects and 
random-effects models were tested to account for variation in sample 
size and study heterogeneity. Heterogeneity was evaluated through the 
Q statistic and I2 index. Publication bias was examined using funnel 
plots and Egger's regression test.

3.7. Characteristics of included studies

The 23 studies included 1872 participants who belonged to varied 
populations and locations across multiple countries. The research 
included 15 studies (65.2 %) from Asian countries, including China, 
Japan, South Korea, Thailand, Saudi Arabia, and India, while the 
remaining studies came from Middle Eastern (Egypt, UAE), European 
(Russia, Poland), and African (Ethiopia) nations. The study participants 
included 627 K-12 students representing 33.5 % of the population, while 
the rest of the participants were split between university undergraduates 
at 52.7 % and adult learners at 13.8 %. The age distribution of partici
pants primarily included adolescents between 12 and 18 years (34.1 %) 
as well as early adults between 18 and 25 years (52.7 %), and they were 
equally distributed between females and males (51.3 % female, 48.7 % 
male). The proficiency levels studied in 18 different research papers 
revealed that 28.4 % of participants were beginners at A1–A2 CEFR, 
while 58.1 % were at intermediate B1–B2 and 13.5 % maintained 
advanced C1–C2 CEFR levels. Research took place in nine urban private 

schools and four rural public schools, while the remaining studies were 
conducted at mixed or unspecified locations. The diverse participant 
characteristics along with geographic locations add external validity to 
the research outcomes yet require learner-specific interpretations.

4. Findings

The main analysis results derived from meta-analysis are thoroughly 
explained in this section. The research gathers findings from 23 empir
ical studies that studied how artificial intelligence (AI)-based in
terventions perform in English as a Foreign Language (EFL) educational 
environments. The results include descriptive data such as means and 
standard deviations of group data and individual study effect sizes 
computed through Hedge's g estimates and combined statistics calcu
lated through fixed-effects and random-effects models. The study-level 
outcome data in Table 1 presents a full overview of intervention 
scopes with detailed information about sample characteristics and 
outcome measurement instruments, which include self-report scales and 
word count analyses and standardized test scores. Hedge's g values with 
their confidence intervals and significance levels from random-effects 
computations appear in Table 2. The section proceeds with an evalua
tion of publication bias potential through funnel plot analysis. The 
evaluation splits outcomes into categories to identify possible variables 
that influence variations in effect sizes. This segment brings together 
comprehensive analytical frameworks to deliver an exact study of AI- 
based learning impacts in EFL classrooms together with variables 
affecting result measurements.

The provided meta-analysis includes 23 primary studies whose 
descriptive statistics and effect size estimates appear in Table 1. The 
examined studies evaluated AI-based educational interventions to 

Table 1 
Descriptive data and effect sizes for the 23 included studies.

No. Authors Exp. 
Mean

Exp. St. 
Dv

Exp. 
Sample

Cntrl. 
Mean

Cntrl. St. 
Dev

Cntrl 
Sample

Std Diff in 
Means

Std. 
Err

Hedge's 
g

Std. 
Err

Difference in 
Means

Std. 
Err

1 Chung & Bong, 
2024

77.60 6.51 24.00 76.90 8.07 25.00 0.10 0.29 0.09 0.28 0.70 2.10

2 ElEbyary et al., 
2024

62.61 5.12 18.00 63.49 6.01 19.00 − 0.16 0.33 − 0.15 0.32 − 0.88 1.84

3 Hwang & 
Nurtantyana, 2022

245.54 85.18 11.00 201.54 58.85 11.00 0.60 0.44 0.58 0.42 44.00 31.22

4 Lee et al., 2024 6.25 0.38 34.00 4.84 0.53 32.00 3.07 0.36 3.04 0.36 1.41 0.11
5 Liu & Wang, 2024 286.14 26.02 42.00 279.17 27.05 48.00 0.26 0.21 0.26 0.21 6.97 5.62
6 Liu et al., 2025 11.84 2.35 31.00 11.89 2.06 35.00 − 0.02 0.25 − 0.02 0.24 − 0.05 0.54
7 Mahapatra, 2024 20.42 2.58 35.00 15.40 1.90 37.00 2.23 0.30 2.20 0.30 5.02 0.53
8 Mohammed & 

Khalid, 2025
34.06 3.65 153.00 29.41 9.51 169.00 0.63 0.11 0.63 0.11 4.65 0.82

9 Nozhovnik et al., 
2023

107.80 12.40 40.00 79.40 13.90 40.00 2.16 0.28 2.14 0.28 28.40 2.95

10 Ouyang et al., 2024 80.70 0.52 28.00 75.80 1.84 28.00 3.62 0.43 3.57 0.43 4.90 0.36
11 Wang, 2024 2.50 0.30 25.00 1.60 0.45 25.00 2.35 0.37 2.31 0.36 0.90 0.11
12 Wiboolyasarin 

et al., 2024
19.89 2.40 18.00 17.05 1.91 21.00 1.32 0.35 1.29 0.35 2.84 0.69

13 Zhang et al., 2024 4.23 0.29 65.00 4.09 0.41 66.00 0.39 0.18 0.39 0.18 0.14 0.06
14 Zheng, 2024a 17.07 5.18 42.00 16.33 4.97 42.00 0.15 0.22 0.14 0.22 0.74 1.11
15 (Wei, 2023) 3.89 1.80 30.00 3.35 1.50 30.00 0.33 0.26 0.32 0.26 0.54 0.43
16 (Su et al., 2019) 4.22 0.31 100.00 3.54 0.46 100.00 1.73 0.17 1.73 0.17 0.68 0.06
17 (Shin, 2021) 4.40 0.48 35.00 4.12 0.55 35.00 0.54 0.24 0.54 0.24 0.28 0.12
18 (Cao, 2019) 417.02 43.73 57.00 399.65 49.09 66.00 0.37 0.18 0.37 0.18 17.37 8.44
19 Anuradha et al., 

2023
89.60 7.57 150.00 76.80 8.78 150.00 1.56 0.13 1.56 0.13 12.80 0.95

20 Dong, 2023 70.67 6.35 30.00 60.40 7.13 30.00 1.52 0.29 1.50 0.29 10.27 1.74
21 Kemelbekova et al., 

2024
19.69 3.00 26.00 15.56 3.09 25.00 1.36 0.31 1.34 0.31 4.13 0.85

22 Obari et al., 2020 604.00 92.00 30.00 598.00 147.00 29.00 0.05 0.26 0.05 0.26 6.00 31.81
23 Wale and Kassahun 

(2024)
54.60 4.70 45.00 45.80 4.00 47.00 2.02 0.26 2.00 0.25 8.80 0.91

Exp. Mean = the experimental group's mean posttest score; Exp. St. Dv = experimental group standard deviation; Exp. Sample = sample size for the experimental group; 
Cntrl. Mean = the control group's mean posttest score; Cntrl. St. Dev = control group standard deviation; Cntrl. Sample = sample size for the control group; Std Diff in 
Means = standardized difference in means, as derived from study data; Std. Err = standard error for the standardized difference; Hedge's g = effect size statistic adjusted 
for small-sample bias; Difference in Means = raw difference between experimental and control means; Std. Err = standard error for the raw difference.
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determine their effects on EFL learners through different population 
types and measurement metrics and educational backgrounds. The pri
mary studies measured Hedge's g values between − 0.02 and 3.57 after 
adjusting for small sample biases with most effects showing positive 
results (Liu et al., 2025 and Ouyang et al., 2024 and Lee et al., 2024). A 
majority of 70 % of the investigated research demonstrated intervention 
effects that exceeded 0.50, indicating moderate to strong intervention 
outcomes. The mean difference variations stem from outcome types and 
measurement scales but standardization of effects makes results more 
comparable across research. The body of research indicates that AI- 
based instructional methods deliver superior educational outcomes 
than conventional teaching practices although Obari et al. (2020) and 
ElEbyary et al. (2024) produced limited or nonsignificant findings. The 
calculated effect sizes will provide the basis for all upcoming analyses in 
the meta-analytic synthesis.

The Hedge's g values should be examined thoroughly along with 
standard errors while assessing confidence intervals and significance 
tests in all included studies (Fig. 1). Table 2 shows the Hedge's g effect 
sizes calculated from each intervention and the statistical results of the 
random-effects model.

The 23 studies included in the meta-analysis received individual 
effect size assessment (Hedge's g) in Table 2 using a random-effects 
model. The merged results from the 23 studies demonstrate AI-based 
interventions produce a significant large impact on EFL learning out
comes (g = 1.10, SE = 0.18, 95 % CI [0.76, 1.46], Z = 6.20, p < 0.001). 
Ouyang et al. (2024) achieved a very large effect size of g = 3.57 while 
Mahapatra (2024) demonstrated a large effect of g = 2.20 and Lee et al. 
(2024) showed an even greater effect of g = 3.04 suggesting highly 
successful implementations. The effects reported in some studies 
showed minimal or adverse results with Liu et al. (2025: g = − 0.02) and 
ElEbyary et al. (2024: g = –0.15) providing examples of this phenom
enon. Evaluation of moderators including intervention type as well as 
learner profile alongside assessment method demonstrates the necessity 
to understand these factors. The research evidence indicates AI tech
nology improves English as a foreign language instruction yet its effec
tiveness varies based on individual studies.

The meta-analysis included studies displayed through a funnel plot, 
which shows standard error against Hedge's g in Fig. 2. The visual 

assessment of this distribution shows substantial asymmetry because 
most effect sizes cluster toward the right side of the chart. The absence of 
studies in the bottom-left quadrant of Fig. 2 suggests potential publi
cation bias since smaller negative or non-significant studies are not 
present in the analysis. The reasonable number of data points in the plot 
corresponds to the expected funnel shape, yet the high occurrence of 
positive and precise studies indicates possible selective reporting 
occurred. While the analysis indicates a clear effect size, the interpre
tation of pooled results needs caution because of potential small-study 
effects together with publication bias. A test of regression by Egger 
and an examination of I2 statistics were conducted to determine the 
presence of study biases. Egger's regression test was used to detect 
publication bias through analysis of funnel plot asymmetry. The results 
showed that the intercept value was not significant with b = 2.28, SE =
2.18, t(21) = 1.04, p = 0.309 (2-tailed). The span of the 95 % confidence 
interval for the intercept extended between − 2.26 and 6.81. Egger's 
regression test for publication bias shows an insignificant p-value that 
exceeds 0.05, thus indicating no statistically significant evidence of 
publication bias in the analyzed studies. The subsequent section displays 
the test results for heterogeneity and the I2 test results (Table 3).

The random-effects model analysis revealed a statistically significant 
large effect size of Hedge's g = 1.10 (SE = 0.18, 95 % CI [0.75, 1.44], Z 
= 6.18, p < 0.001), indicating that AI-based language learning in
terventions produce meaningful results. The random-effects model 
proved suitable because studies showed substantial heterogeneity, 
which was confirmed by Q = 299.78 (df = 22, p < 0.001) and an I2 value 
of 92.66 %. This indicated that true heterogeneity accounted for 93 % of 
total effect size variability instead of sampling error. The study-level 
differences, which include intervention type and participant character
istics along with outcome measures, probably generate this variability 
according to the between-study variance (Tau2 = 0.65).

The research demonstrates strong, consistent performance of AI 
systems in language education; however, practitioners should weigh 
different environmental aspects that influence their effects. Different 
achievement measurement methods appeared throughout the investi
gated studies. Different research approaches used standardized tests (e. 
g., TOEIC) together with surveys and indirect measures, including word 
count in written products. Different achievement assessment methods 

Table 2 
Hedge's g and associated statistics for included studies under a random-effects model.

Hedge's g Std. Err. Variance Lower limit Upper limit Z-value p Value

Chung & Bong, 2024 0.09 0.29 0.08 − 0.47 0.66 0.33 0.74
ElEbyary et al., 2024 − 0.15 0.33 0.11 − 0.80 0.49 − 0.48 0.63
Hwang & Nurtantyana, 2022 0.58 0.44 0.19 − 0.25 1.46 1.38 0.17
Lee et al., 2024 3.04 0.36 0.13 2.36 3.79 8.45 0.00
Liu & Wang, 2024 0.26 0.21 0.05 − 0.15 0.68 1.24 0.22
Liu et al., 2025 − 0.02 0.25 0.06 − 0.51 0.46 − 0.09 0.93
Mahapatra, 2024 2.20 0.30 0.09 1.64 2.81 7.42 0.00
Mohammed & Khalid, 2025 0.63 0.11 0.01 0.41 0.86 5.54 0.00
Nozhovnik et al., 2023 2.14 0.28 0.08 1.61 2.71 7.67 0.00
Ouyang et al., 2024 3.57 0.43 0.19 2.77 4.48 8.34 0.00
Wang, 2024 2.31 0.37 0.14 1.63 3.07 6.38 0.00
Wiboolyasarin et al., 2024 1.29 0.35 0.13 0.63 2.02 3.73 0.00
Zhang et al., 2024 0.39 0.18 0.03 0.05 0.74 2.23 0.03
Zheng, L. 2024 0.14 0.22 0.05 − 0.28 0.57 0.67 0.50
(Wei, 2023) 0.32 0.26 0.07 − 0.18 0.84 1.25 0.21
(Su et al., 2019) 1.73 0.17 0.03 1.41 2.06 10.45 0.00
(Shin, 2021) 0.54 0.24 0.06 0.07 1.02 2.23 0.03
(Cao, 2019) 0.37 0.18 0.03 0.01 0.73 2.04 0.04
Anuradha et al., 2023 1.56 0.13 0.02 1.30 1.82 11.84 0.00
Dong, 2023 1.50 0.29 0.09 0.95 2.10 5.19 0.00
Kemelbekova et al., 2024 1.34 0.31 0.10 0.75 1.97 4.37 0.00
Obari et al., 2020 0.05 0.26 0.07 − 0.46 0.56 0.19 0.85
Wale and Kassahun (2024) 2.00 0.26 0.07 1.52 2.52 7.88 0.00
Random 1.10 0.18 0.03 0.76 1.46 6.20 0.00

Hedge's g = effect size statistic correcting for small-sample bias; Std. Err = standard error of the effect size; Variance = the square of Std. Err; Lower Limit/Upper Limit 
= 95 % confidence interval boundaries; Z-Value and p Value = results from testing whether the effect size significantly differs from zero; “Random” denotes aggregated 
effect size using a random-effects model.
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within the studies could have generated substantial differences in 
observed effectiveness results. The high degree of diversity (I2 = 92.66 
%) in this study stems mainly from this factor. The following subsection 
displays the analysis results.

Table 4 summarizes the subgroup analyses by outcome type. Scales 
used to conduct a study yielded a significantly large mean effect size 
(Hedge g = 1.89) and a 95 % confidence interval of [1.12, 2.66] with a 
value of heterogeneity (Q = 178.32, p < 0.001). Conversely, research 
with a word count provided a weaker mean effect size (g = 0.73) with a 
95 % confidence interval between − 0.05, 1.50 and a small heterogeneity 
(Q = 10.45, p < 0.05). The results of the studies based on achievement 
or proficiency test scores indicated an intermediate mean effect size (g 
= 0.95), a 95 % confidence interval of [0.52, 1.38], and a moderate 
heterogeneity (Q = 49.76, p < 0.001). The between-groups Q-test (Q =
9.87, p = 0.007) shows that there is statistically significant difference in 
these types of outcomes, which can be used to highlight the moderating 
effect of the measurement instrument on effect size.

All these findings are highly suggestive of the idea that AI-based 
interventions have significant positive effects in EFL learners as shown 
by the overall effect size (Hedge g = 1.10, p < 0.001) is both large and 
statistically significant and the overall effect estimates of the majority of 
the studies are positive. Although some of the analyses yielded smaller 
or even minimal impacts, most of them showed moderate to high im
provements in areas like learner motivation, communicative 

competence, linguistic accuracy, and test performance. The heteroge
neity levels that are apparent (Q = 299.78, df = 23, I2 = 92.66) are the 
resource to a variety of contexts and methodologies utilized in the 
studies included: small, controlled trial research, and more general 
classroom-based research; and the use of a random-effects model is 
justified. Although certain asymmetry in the funnel plot was observed, 
other Egger regression tests and especially the trends in effect sizes 
indicate that the possibility of publication bias is still present, but it 
cannot be so severe as to nullify the aggregated results. In addition, the 
subgroup analysis by the type of measurement showed that AI may have 
a greater impact on some of the outcomes (e.g., affective scales, exam 
scores) than on others (e.g., raw word count). All these findings tend to 
indicate that the AI-based teaching could be quite effective but at the 
same time should be closely aligned with the pedagogical goals, the 
specifics of learners, and the desired areas of skills. By and large, the 
meta-analysis has a level of methodological rigor that is considered to be 
adequate, including: systematic search, inclusion/exclusion process, 
bias evaluation by way of funnel plot, and a strong random-effects 
model. Therefore, the data is leading to a well-established conclusion, 
namely, AI-powered tools and methods can be used to provide a useful 
and universal contribution to EFL teaching and learning, but context- 
specific factors must be taken into account to ensure the highest results.

Fig. 1. Effect sizes of studies according to random effect model.
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5. Discussion and conclusion

The analysis investigated how artificial intelligence (AI) functions in 
English as a Foreign Language (EFL) teaching through three essential 
research questions. The synthesis of 23 experimental and quasi- 
experimental studies from 2019 to 2025 proved that AI-driven in
terventions effectively improve EFL learning outcomes through an 
overall effect size of Hedge's g = 1.10 (95 % CI [0.72, 1.48]). The 
research findings join prior scholarly work (Li, 2022; Tanaka, 2023) that 
confirms that AI tools create deep learning because they personalize 
feedback systems and offer adaptive learning structures and interactive 
educational approaches (Brown & Lee, 2023). The results confirming 
Vygotsky's (1978) sociocultural theory show that interventions that 

focus on communicative competence through conversational chatbots 
and writing accuracy through automated essay scoring led to the highest 
achievement gains by students. Also, AI interventions show benefits that 
match critical psychological principles by decreasing nervousness dur
ing language use and enhancing student interest along with communi
cative desire. The motivational aspects of adaptive AI tools align with 
Self-Determination Theory principles (Deci & Ryan, 1985) because 
they provide environments that support autonomy, competence, and felt 
relatedness. The confidence levels of language users align with Bandu
ra's (1997) Self-Efficacy Theory. The efficiency benefits of real-time AI 
feedback correspond to important principles in Cognitive Load Theory 
(Sweller, 1994) because they help reduce unnecessary cognitive work
load during learning. The theoretical approaches involved give a broad 
psychological perspective in which the findings of our study can be 
explained.

The findings of the study indicated significant heterogeneity (I2 =
92.66 %), and the type of measurement was identified as the most 
important factor that influences the strength of the effect size. The 
research that measured the outcomes with self-report scales (g = 1.89) 
indicated larger effects than the research that measured the outcomes 
with word count (g = 0.73) and standardized exam scores (g = 0.95). 
The variable results may be explained by the fact that affective con
structs are more sensitive in AI mediation since students feel less anxious 
and more engaged, as it is stated by Zhang et al. (2024) and Mohammed 
and Khalid (2025). The utilization of grammar-checking algorithms 
(ElEbyary et al., 2024) resulted in diminished effects because the 

Fig. 2. Funnel plot of effect sizes of studies included in meta-analysis.

Table 3 
Meta-analytic summary and heterogeneity assessment.

Model Effect size and 95 % confidence interval Test of null 
(2-Tail)

Heterogeneity Tau2

Point 
estimate

Std. 
Err.

Variance Lower 
limit

Upper 
limit

Z p Q- 
value

df (Q) p I2 Tau2 Std. 
Err.

Variance Tau

Fixed 0.95 0.05 0.00 0.86 1.04 20.44 0.00 299.78 22.00 0.00 92.66 0.65 0.26 0.07 0.81
Random 

effects
1.10 0.18 0.03 0.75 1.44 6.18 0.00

Table 4 
Subgroup analyses by outcome type.

Groups Mean 
g

Confidence interval 
(95 %)

Heterogenity 
(Q)

Scales 1.89 [1.12, 2.66] Q = 178.32***
Word Count 0.73 [− 0.05, 1.50] Q = 10.45*
Achievement/Proficiency 

Test Scores
0.95 [0.52, 1.38] Q = 49.76***

Between-Groups Q 9.87** p = 0.007

*** p < 0.001.
** p < 0.01.
* p < 0.05.
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pedagogical value of AI relies on proper integration of tools with 
instructional targets (Kumar & Patel, 2023). The research verifies that 
teaching approaches require purposeful design because artificial intel
ligence systems cannot replace human guidance based on contextual 
knowledge (Nguyen & Tuamsuk, 2022).

Studies in the corpus mainly used short-term experimental ap
proaches spanning 4–10 weeks, while longitudinal investigation 
methods stayed rare. Pretest-posttest experimental approaches dis
played rigorous methodology, yet their short study durations restricted 
both retention data analysis of skills and developmental tracking 
(Anuradha et al., 2023; Wei, 2023). Observational heterogeneity from 
variable sample populations combined with different levels of AI tech
nology sophistication in education demonstrates the necessity of stan
dardized reporting standards for replicated tests in different educational 
environments.

Fourth, how measurement instruments influence effect size vari
ability presented itself as the main contributing factor. Research based 
on affective assessment scales about motivation and self-efficacy con
cepts yielded greater improvement than quantitative metrics like word 
counting yielded (g = 1.89, g = 0.73). The assessment of linguistic 
competence should use multiple methods according to Polio & Yoon 
(2018) because linguistic competence consists of multiple dimensions. 
The insensitivity of basic productivity measures to qualitative structural 
improvements in writing negatively affects their measurement preci
sion; hence, researchers must adopt holistic assessment techniques for 
future work.

Cognitive constructivist models align with the theoretical results 
because artificial intelligence functions as an educational scaffold that 
promotes procedural knowledge learning when students practice and 
receive feedback (DeKeyser, 2007). Multiple research variables create 
heterogeneity because they limit AI effectiveness through learner pre
paredness and infrastructure capabilities and educator proficiency 
levels. Research results demonstrate how AI should work together with 
teacher instruction, while educators should select AI tools specifically 
for individual student requirements and curricular standards.

This meta-analysis verifies the effectiveness of AI-based in
terventions to promote multiple aspects of EFL development through 23 
experimental and quasi-experimental studies from 2019 to 2025. Our 
results suggest that artificial feedback can help improve the writing 
performance (accuracy, fluency, and complexity) of EFL learners while 
reducing writing anxiety, generally consistent with the technology- 
assisted feedback literature and cognitive/affective explanations of 
learning. In practice, the immediacy, specificity, and iterativity of the AI 
feedback seem to scaffold revision more reliably than standard class
room turnaround cycles, and this likely explains the gains we see in 
comparison to teacher-only or no-feedback conditions. At the same time, 
these results are potentially confounded by novelty effects and low 
ecological validity. The intervention was delivered under relatively 
controlled conditions and with high researcher involvement; effects will 
likely fade as the “newness” of AI tools fades or competing curricular 
demands take over. Teacher preparation and digital literacy are still key 
contextual limitations: without specific professional learning, teachers' 
use of AI feedback may be under- or misused, and those learners with 
limited digital skills may not fully benefit from the tools. Finally, gen
eralizations should not be made. Results are likely to be contingent on 
the framing of AI feedback (process vs. product), alignment with tasks, 
and integration with human dialogic feedback; mixed evidence on form- 
focused vs. meaning-focused revision suggests context is key and “AI vs. 
teacher” is a false dichotomy. A better working model is AI-enhanced, 
teacher-led feedback ecologies that leave room for both automated 
and human, relational instruction.

5.1. Suggestions and future directions

1. Researchers should use both longitudinal and larger-scale research 
programs in upcoming studies because they need to monitor the 

permanence of AI-enhanced learning and determine if skills develop 
over extended periods. Enhancing both sample size numbers and 
introducing varied environmental locations (such as urban and rural) 
would boost the transferable nature of study findings.

2. Research and practice should develop AI tools according to the exact 
learning requirements of each student and the capabilities of each 
institution. The advanced chatbots demonstrate better performance 
in advanced learner conversation practice, yet simpler feedback 
systems function most effectively for novice grammar learning. Local 
constraint factors, along with resource availability, determine the 
essential need for fine-tuning AI-based interventions.

3. Further evaluation procedures (test scores and student self-reports 
along with performance measures and teacher performance rat
ings) should be integrated in a scientific study to evaluate all the 
elements of language education. An approach like that would fix the 
issue that certain measures, especially word count, are not best in
dicators of advanced linguistic or emotional development.

4. The fusion of AI feedback and teacher instructions also proves to 
have better outcomes in the studies by ElEbyary et al. (2024) and 
Wang (2024) since it balances the immediate character of the AI 
systems with the experience of educators. Teachers should be trained 
on how to interpret AI analytics that will enable them to establish the 
capacity of integrating automated and manual feedback systems.

5. The ethical and privacy issues associated with the AI-trained learning 
systems as these are based on the information about the learner, 
which they collect in the future in terms of scholarship, they should 
be addressed through the research, and the algorithms required to 
adopt the best security practices to ensure the user consent and al
gorithm visibility criteria. The bias reduction measures along with 
data security standards will help make all AI systems be used fairly in 
the teaching of EFL.

6. New research goals should develop operational designs of educa
tional frameworks rooted in Vygotsky's ZPD as well as skill acquisi
tion theories and sociocultural paradigms to improve AI instructional 
methods. Teaching staff who embed theoretical foundations into 
their work can enhance how students receive automated feedback 
while taking customized learning activities.

7. Upcoming research about affective learning and collaborative as
pects needs more detailed evaluation of how AI technologies support 
group-based cooperative activities (including peer feedback guided 
by AI systems) and cultural learning development.

8. In terms of teacher training, the results point to the need to prepare 
educators not only to use the AI tools technically but also to weave 
them into pedagogy in a meaningful way. Training programs must 
equip teachers with the capacity to interpret, filter, and guide stu
dents to act critically on AI-generated feedback to develop feedback 
literacy. They also need to consider ethical and professional di
mensions, such as data privacy, algorithmic bias, equitable access, 
and digital citizenship. By involving teachers in low-threshold 
models of AI use during their preparation, educators can build a 
sense of confidence in orchestrating hybrid feedback systems where 
automation is used to complement, rather than replace, human 
input. At the same time, however, teacher education needs to 
emphasize professional agency and identity, assuring teachers that 
empathy, contextual judgement, and higher-order feedback remain 
uniquely human responsibilities. Finally, given how rapidly AI 
technologies are evolving, teacher training should be continuous and 
sustainable, providing ongoing professional development opportu
nities, collaborative learning communities, and certification pro
grams to ensure that educators are both competent and confident in 
using AI responsibly in language education.

The implementation of proposed recommendations might enable 
research communities alongside policymakers and educators to maxi
mize their use of AI technology as a driver for communicative compe
tence development along with motivation and comprehensive EFL 
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learning. When situated within learner-centered curricula and sup
ported by teacher mediation, AI can complement rather than replace 
traditional feedback and instruction, and its strong technical capabilities 
with properly implemented pedagogical methods while maintaining 
ethical considerations will achieve its best outcomes for second lan
guage acquisition across today's interconnected educational 
environment.
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