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ABSTRACT

The aim of this study is to examine the effect of chatbot-based interventions on foreign language speaking
performance through a meta-analysis. Studies investigating the effects of chatbots on speaking performance
were retrieved from various databases (e.g., ERIC, ScienceDirect, Taylor & Francis) using a range of keyword
phrases. Following the inclusion and exclusion criteria, this meta-analysis included 16 experimental studies
(k = 17) that implemented chatbot-based interventions to enhance learners’ foreign language speaking
performance. All statistical data were collected and transferred to the Comprehensive Meta-Analysis (CMA)
software to compute Hedges’ g values. The overall effect size of the intervention studies on foreign language
speaking performance was 1.035, indicating a large effect. Intervention duration and education level were
examined as moderator variables, but they did not significantly affect foreign language speaking performance.
This study offers a theoretical basis for using artificial intelligence tools in language teaching by emphasizing
chatbots’ potential to improve speaking.
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INTRODUCTION

The rapid advancements in artificial intelligence (Al) technologies in recent years have brought about radical
changes in human communication practices. The development of technologies such as machine learning and
natural language processing (NLP) has enhanced the effectiveness of intelligent systems (Piccolo et al., 2019)
and expanded human-machine interaction. Next-generation dialogue systems, whether text- or voice-based,
have become an integral part of daily life (Crowder, 2024). Chatbots have increasingly become a pivotal
element in e-learning, offering students timely and accurate responses to their inquiries (El Azhari et al.,
2023). In addition, they facilitate continuous learning by strengthening the interaction between students
and educational institutions in online learning environments (Ndunagu et al., 2025).

A chatbot, short for “chat robot,” is a digital tool that simulates human speech through text or voice interfaces
(Carpenter & Freeman, 2005). These tools operate entirely in natural language, understand user requests,
and respond instantly (Smutny & Schreiberova, 2020). ELIZA, developed in 1966 (Weizenbaum, 1966),
is considered the first chatbot, designed for purposes similar to those of modern chatbots. Over time, the
scope of chatbot technologies has expanded significantly. Today, chatbots such as Amazon’s Alexa, Apple’s
Siri, Google’s Assistant, Microsoft’s Cortana, and OpenAl’s ChatGPT are utilized across various domains,
including social interactions, daily activities, finance, healthcare, education e-commerce and customer service
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(Huang et al., 2022; Jusoh & Kadir, 2025). Especially in education, chatbots can serve as effective tools for
developing language skills. When integrated into learning processes in alignment with specific educational
objectives, these technologies provide significant advantages in enhancing productive skills, particularly
speaking performance.

The Use of Chatbots in Education

In recent years, increasing attention has been given to the potential of chatbots to revolutionize education
by challenging traditional pedagogical approaches (Wollny et al., 2021). However, researchers emphasize
the need for a greater integration of chatbots into the teaching-learning process (Okonkwo & Ade-Ibijola,
2021). Moreover, findings from systematic reviews (Jusoh & Kadir, 2025; Okonkwo & Ade-Ibijola, 2021;
Wollny et al., 2021) and meta-analyses (Alemdag, 2023; Laun & Wolff, 2025; Liu et al., 2025) on the
role of chatbots in education indicate that these tools have significant potential for enhancing educational
experiences. In addition, chatbots offer numerous advantages for both students and teachers.

First, chatbots offer a more personalized learning experience for each student. In other words, these
tools analyze students’ individual needs and facilitate a teaching process that aligns with their specific
characteristics (Adamopoulou & Moussiades, 2020). This change provides an opportunity to enhance the
quality of pedagogical interactions between students and teachers by introducing a teaching method and
providing more frequent feedback. Beyond out-of-class supportactivities, integrating chatbots into classroom
instruction is also predicted to result in higher-quality learning outcomes compared to traditional methods
(Fryer et al., 2017; Jeon, 2023; Vazquez-Cano et al., 2021). One of the key advantages of chatbots is their
24/7 instant accessibility (Smutny & Schreiberova, 2020). These tools enable students to communicate their
requests regardless of time and location, making learning processes more flexible, accessible, and continuous.
Moreover, chatbots have the potential to enhance motivation and improve learning outcomes (Fryer et al.,
2017). A meta-analysis conducted by Deng and Yu (2023), which examined 32 empirical studies published
between 2010 and 2022, demonstrated that chatbots have a moderate-to-large effect on overall learning
outcomes. Additionally, the findings indicated that chatbots significantly enhance knowledge retention,
reasoning skills, academic achievement, and learning interest. Similarly, in a systematic review of 74 studies
published between 2003 and 2020, Wollny et al. (2021) highlighted chatbots’ role in improving students’
skills and motivation. Subsequent research has sustained this interest, emphasizing the positive effects
of chatbots on the learning experience (Al-Abdulladif et al., 2023; Wu & Yu, 2024; Zhang et al., 2024).
However, despite all these positive effects, there are some challenges and limitations related to the use of
chatbots in education. One of these main challenges is ethical concerns. This technology creates significant
potential risks in terms of data security and privacy in the field of education as in other fields (Davar et al.,
2025). However, potential challenges include limited technical functionality, lack of authenticity (Lo &
Hew, 2023), and compatibility with application goals (Wollny et al., 2021). These challenges reveal that
chatbots are still in the development process and need to be integrated more effectively into educational
environments with improvements in the future.

Chatbots For Language Learning and Speaking Performance

Language learning is one of the domains where chatbot use has become increasingly widespread, as these
tools provide opportunities for users to practice speaking through natural language interactions. Indeed, this
technology has gained popularity in language learning due to its role as a learning assistant (Huang et al., 2022);
and research indicates that language education is the most frequently studied field in chatbot applications
(Hwang & Chang, 2023). Chatbots have the potential to enhance the quality of language learning through
their various functions. One of their essential roles is fostering learner autonomy. Fryer et al. (2020) describe it
as an alternative language learning method and a revolution supported by chatbot technology. In other words,
these digital learning assistants enable individuals to learn a language independently of time, place, or teacher.
Moreover, language learning becomes more effective when supported by a chatbot that records students’
previous questions and language proficiency levels (Fryer et al., 2017). This approach provides a personalized
teaching process adapted to the learner’s needs and offers more practice opportunities. This factor is particularly
significant, given that repetition is widely recognized as a fundamental principle of effective language learning.
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When effectively integrated into teaching practices, chatbots can serve as valuable tools to support learning
goals. Yu and Lu (2021) claim that language educators can leverage chatbots to effectively assess students’
learning experiences and provide personalized learning content and activities accordingly. For instance, language
instructors can use chatbots to help students revise their grammar and writing tasks (Kohnke, 2023). Moreover,
chatbots can be used to enhance various language skills, including vocabulary knowledge (e.g., Zhang &
Huang, 2024), listening (e.g., Kim, 2018), writing (e.g., Silitonga et al., 2023), reading (e.g., Liu et al., 2024),
and speaking (e.g., Yang et al., 2022). Among these skills, the development of speaking skills through chatbots
is particularly emphasized. A study by Chaves and Gerosa (2021), which reviewed the literature on chatbots,
highlighted increased speech productivity as a key feature of these tools. Accordingly, a chatbot can easily target
the development of all components of speaking skills, such as pronunciation, fluency, vocabulary, and accuracy
(Chien et al., 2022; Tai & Chen, 2025. When interacting with chatbots, students may feel more comfortable
because these tools can reduce their anxiety about speaking in front of others (Hsu et al., 2023). This potential
is significant, given that speaking anxiety is a prevalent issue among students in language classes.

Rationale for the Current Meta-Analysis

Despite the optimistic view emphasized for chatbots, it has been noted that research on these tools in education
is “still in its early stages” (Hwang & Chang, 2023). Huang et al. (2022) suggest that more time is needed for
chatbots to become prevalent in language education. At the current stage, researchers (Alemdag, 2023; Deng
& Yu, 2023; Liu & Ma, 2023; Wu & Yu, 2024) emphasize the need for increased evidence-based research on
the effects of chatbot use. This approach is expected to help identify appropriate pedagogical uses for chatbots
and clarify the roles that educators and learners can assume (Jeon et al., 2024). On the other hand, the
literature includes meta-analyses reporting varying effects of chatbots on language learning performance: large
effects (Wu & Li, 2024), medium to large effects (Liu et al., 2025), and medium-sized effects (Lyu et al., 2024;
Wang et al., 2024; Zhang et al., 2023). These conflicting results emphasize the need for further evidence-
based studies to clarify the role of chatbots in language learning. Additionally, some studies on chatbots have
pointed out the technological limitations of these tools, noting that failure to overcome these limitations
may restrict the language teaching process. In the systematic review conducted by Jeon and Lee (2024), it
was found that chatbots are less effective than humans in certain social aspects. These limitations include
difficulties in maintaining interaction, sustaining a positive attitude in the target language over extended
periods, and providing sufficiently detailed explanations. Similarly, Lin et al. (2023) in their literature review
emphasized the need for “more humane and responsive” chatbots. Therefore, the role of chatbots, which are
still in the process of development, in supporting language development remains uncertain.

This study, which aims to analyze the effect of chatbot-based interventions on speaking performance, focuses
on a specific skill; in contrast to meta-analytic studies on language teaching (Liu et al., 2025; Lyu et al.,
2024; Wang et al., 2024; Wu & Li, 2024; Zhang et al., 2023). At this point, the possibility that chatbots may
have varying effects on the development of different language skills should not be overlooked. Therefore, by
clarifying the potential roles of chatbots in enhancing speaking performance, this study seeks to develop a
more nuanced understanding of the effective use of these technologies in language learning. Although there
is no meta-analysis in the literature that examines which language skills chatbots may be most effective in
improving, a meta-analysis exploring the effect of chatbots on language learning (Liu et al., 2025) calculated
the effect size specifically between groups, with speaking skill as a variable. In addition, the studies included in
the meta-analysis (e.g., Muniandy & Selvanathan, 2025) also emphasize the affective dimension of speaking
skill. As a result, this study differs from Liu et al.’s (2025) study by excluding the affective dimension and
focusing specifically on speaking performance.

In addition, this meta-analysis is important as it provides evidence for teachers to integrate chatbots into
their lessons or use them as supplementary materials. Factors such as limited class time (Fathi et al., 2024),
students’ reluctance to communicate (Huang et al., 2022), and overcrowded classrooms (Chen et al., 2023)
continue to hinder the development of speaking skills in language classrooms. Investigating the role of
chatbots in improving speaking performance can assist teachers in overcoming these challenges. In addition,
the innovative potential of artificial intelligence in recent years has created a significant change in instructional
design. This study will function as a resource for teachers to enhance the efficiency of the teaching processes.
In this context, the following research questions will be addressed in this meta-analysis:
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RQI: How effective are chatbot-based interventions on foreign language speaking performance?

RQ2: How do moderator variables - intervention duration and educational level - affect participants’
foreign language speaking performance?

METHOD

In this study, a meta-analysis was conducted to examine the effect of chatbot interventions on foreign language
speaking performance. Accordingly, effect sizes were calculated using the standard Hedges’ g index (Borenstein
etal., 2009), heterogeneity between studies was tested, publication bias analyses were conducted, and moderator
analyses were performed. The inclusion and exclusion criteria, literature search and selection, coding procedure,
and meta-analytic methods used are outlined below. The Preferred Reporting Items for Systematic and Meta-
Analysis (PRISMA) flowchart was used in the process of identifying the studies (Page et al., 2021).

Selection Criteria

The authors collected the data by searching 12 scientific databases related to the field of education (e.g.,
Academic Search Ultimate, Education Research Complete, Springer Link, ERIC, Wiley Online Library Full
Collection, Sage Journals, Scopus, Science Direct, Taylor & Francis, Google Scholar, ProQuest Dissertations

and Theses Global, and Council of Higher Education (YOK) Theses in Turkiye). Accordingly, a search

strategy (e.g., using keyword phrases for relevant databases) and (inclusion and exclusion criteria) were used.

Table 1. The Inclusion and exclusion criteria

Inclusion Criteria Exclusion Criteria

Studies in the field of mother tongue or second
language teaching

Studies on foreign language teaching
Studies with quasi- and true-experimental design Studies with pre-experimental design
Studies published in English Non-English-language studies

Studies including statistical data required for meta-analysis ~ Studies without the required statistical data

In each of the databases and search engines mentioned above, the following keyword phrases were searched
using Boolean logic:

* Dattern 1: chatbot-speaking-experimental

* Dattern 2: chatbot-speaking-treatment

* Pattern 3: chatbot-speaking-intervention

* Pattern 4: chatbot-language skills-experimental

* Pattern 5: chatbot-language skills-treatment

* Dattern 6: chatbot-language skills-intervention

The authors also checked the references lists of the systematic review studies and manually searched for
missing studies. The search process was started individually by two researchers on 15 January 2025 and
completed on 30 January 2025. The authors then eliminated duplicate publications, resulting in 101 unique
reports (99 from the database search, 2 from manual searches), as shown in Figure 1. These reports were first
screened for eligibility by analysing titles and abstracts, and then the full texts were assessed.

Firstly, the authors read 101 studies that met the inclusion criteria. Two publications in which the investigators
published the same study twice were excluded. The remaining 99 studies were then reviewed. We excluded
29 studies that did not directly address speaking performance (e.g., Bahari et al., 2024), 6 studies that did
not contain the required statistical data such as mean, standard deviation, sample size, p-value, or t-value
(e.g., Hoang et al., 2023), and 48 non-quasi-experimental studies (e.g., Cakmak, 2022). As a result, the
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authors identified 16 studies that examined the effectiveness of chatbot interventions for improving L2
speaking performance. The flow diagram in Figure 1 summarises the selection process.

S
g Records identified from Records rf-zmcved before
ﬁ databases searching (n = 101) ———»| Screening:
= Duplicate records removed
5 (n=2)
—
Remaining records after f——® | Excluded records as not meet to
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£
2
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Examining statistical data of Excluded records as not
records to calculate effect- | including sufficient data for meta-
size(s) (n=22) =1 analysis (n=6)
|
h 4
Reports of included studies
(n=18)

Figure 1. PRISMA flow diagram of the study selection

In one of the studies included in the research, there were different experimental groups in which the same type
of intervention was applied (Ye et al., 2022). However, in two studies, the effect of the same intervention on
the sub-dimensions of speaking performance (e.g., fluency, accuracy) were determined (Qiao & Zhao, 2023;
Tai & Chen, 2024). These sub-dimensions are known as the fundamental components of speaking skill (Hsich
et al., 2019). Therefore, the combined effect size was calculated for these studies. The Comprehensive Meta-
Analysis (CMA) programme was used with statistical values of the studies (e.g., mean, standard deviation, and
sample size for experimental and control groups) and the ‘subgroups within the study’ option to calculate the
combined effect sizes. However, Wang et al. (2024) intervened in two different experimental groups using two
different chatbots in their study. For this reason, combination was not performed in this study.

Coding Procedure

The authors used a coding form (Ellis, 2010) to record various features of each study to clarify the data.
This form includes information such as article reference, school level, intervention duration, chatbot
type, dependent and independent variables, and quantitative values: mean, t, and p values, and standard
deviation (Karadag, 2020). School level and intervention duration were converted into a standard criterion
(e.g., K-8; long-term) and then used in the moderator analysis. To calculate the consistency value between
raters, the 16 studies included in the meta-analysis were coded independently by the researchers. After both
researchers completed the coding process, comparisons were made between the information obtained, and
the agreement rate was found to be 94%. In the final phase, a consensus was reached, and corrections were
made to the necessary parts. Following the inclusion and exclusion criteria, this meta-analysis included 16
experimental studies that implemented chatbot-based interventions to enhance learners’ foreign language
speaking performance. However, Wang et al. (2024) used two different chatbots to intervene with two
different experimental groups in their study. Therefore, two different effect sizes were calculated (k=17).
Table 2 presents the descriptive characteristics of the 16 studies included in the meta-analysis.
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Table 2. Characteristics of the studies included in the meta-analysis

Publication Country of Sample Implementation

References type Origin size Grade duration Chatbot type
g\(l)rgzwadeh etal, Article Jordan 58 K-8 Long-term Replika & Andy
Chien et al.,, 2022 Article Taiwan 73 High school Short-term LINE
Deng, 2024 g;;éerzrence China 75 High school Short-term LINE
El-Said, 2023 Article Egypt 64 Preparatory Long-term Duolingo
school

Fathi et al., 2024 Article Iran 65 Unspecified Long-term Andy English
Han, 2020 Article Korea 44 K-8 Long-term Echodot
Hsu et al., 2023 Article Taiwan 48 University Long-term TPBOT

. . Smart
Hwang et al., 2024  Article Taiwan 43 K-8 Long-term UEnglish
Jeon & Lee, 2024 Article Taiwan 87 K-8 Mid-term Unspecified
Koc, 2024 Dissertation Turkiye 42 University Mid-term Replika
;g‘zﬁ( Mubarok, Article Taiwan 50 University Mid-term Unspecified
Qiao & Zhao, 2023  Article China 93 Unspecified Unspecified Duolingo
Tai & Chen, 2024 Article Taiwan 57 K-8 Short-term CoolE Bot
Wang et al.,, 2024 . . . . -
(Subgroup 1) Article China 66 University Mid-term Typebot
Wang etal, 2024 ) ;e China 66  University Mid-term D-ID Agent
(Subgroup 2)
Ye etal., 2022 Article China 56 High school Mid-term Xiaoying
Yuan, 2024 Article China 74 K-8 Long-term Mondly

Assessment of Methodological Quality

In this study, a comprehensive assessment was conducted to determine the methodological quality of the
selected studies using the Medical Education Research Study Quality Instrument (MERSQI) (Reed et al.,
2008). This instrument is widely used not only in health sciences but also in social sciences research (e.g.,
Dubach et al., 2025; Heung & Chiu, 2025) to evaluate methodological quality (Lan et al., 2023). MERSQI
assesses study quality across six key domains: study design, sampling, data type (subjective or objective),
validity of assessments, data analysis, and outcomes (Reed et al., 2008, p. 904). For each domain, the
researchers independently scored the studies according to predefined criteria, with a maximum of three
points per domain. Two researchers conducted the scoring independently, and in cases of discrepancy,
consensus was reached through discussion or, if necessary, consultation with a third reviewer. The final
MERSQI score was calculated by summing the points across all domains, with a maximum possible score
of 18. In the present meta-analysis, the mean MERSQI score of the included studies was 12.9 (SD = 1.90,
range: 11-15.5), indicating that the overall methodological quality of the selected studies was relatively high.

Calculation of Effect Sizes and Data Analysis

In meta-analysis studies, using Hedge’s g instead of Cohen’s d may be more appropriate for establishing a
general standard in studies with smaller sample sizes (Borenstein et al., 2009; Kansizoglu, 2017). Hedge’s g
is a bias-corrected version of Cohen’s d, an index obtained by dividing the mean difference from individual
studies by the standard deviation, using a correction formula to adjust for bias (Borenstein et al., 2009).
Hedges' g was preferred for effect size calculations in this meta-analysis. The classification proposed by
Guler et al. (2022), which was based on the categories originally developed by Thalheimer & Cook (2002),
was used to interpret the effect sizes: .14 and below as negligible; 0.15-0.39 as low; 0.40-0.74 as medium;
0.75-1.09 as large; 1.10—1.44 as very large; and 1.45 and above as perfectly huge. The authors first entered
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the necessary statistical data to calculate the effect size into a Microsoft Excel sheet. Then, the data from this
sheet were copied into the Comprehensive Meta-Analysis (CMA) statistical software. Fifteen of these studies
included mean scores, standard deviations, and sample sizes for the experimental and control groups; two
(one article) included sample sizes and p-values for independent groups.

Meta-Analysis Model

There are several reasons for using the random effects model in this meta-analysis. First, in accordance with
the principle of the random effects model, it is assumed that each individual study has different samples and
intervention variables. Therefore, it is assumed that the actual effect of these interventions is not the same
across studies (Borenstein et al., 2009). The results of the heterogeneity test further supported the selection of
the random effects model. Specifically, the Q-value was found to be 197.465, which exceeds the critical value
of 26.296 (16 degrees of freedom at a 95% confidence interval; p < .001) (see Appendix 1). Additionally, the
I? value, which measures the percentage of variation attributable to true heterogeneity, was 91.89, indicating
a high level of heterogeneity (Borenstein et al., 2009). In summary, all results supported the preference for the
random effects model in calculating effect sizes and conducting moderator analyses. Moderator variables were
identified as school level and intervention duration. The school level variable was categorized into K-8 (grades
1-8), high school (grades 9—12), and university. This categorization was preferred in order to conduct a more
detailed analysis across age groups (Calik et al., 2024). The intervention duration variable was categorized into
short-term (0-4 weeks), mid-term (5-8 weeks), and long-term (9+ weeks) (Calik & Wiyarsi, 2025). Due to an
insufficient number of studies in the chatbot type category, it was not selected for moderator analysis.

Publication Bias: Analysis and Results

To investigate publication bias in meta-analyses, it is recommended to use multiple tests rather than relying on a
single test (Borenstein et al., 2009; Card, 2012; Harrison et al., 2017). In this meta-analysis, publication bias was
assessed using several statistical methods, including the funnel plot, Duval & Tweedie’s “cut and fill” technique,
Classic and Orwin’s fail-safe N value, and Egger’s regression test. The Classic and Orwin’s fail-safe N value
indicated that 951 and 101 additional studies with insignificant findings would be needed to reduce the p-value
below 0.01, suggesting that a large number of studies would be required to invalidate the intervention effect
on speaking performance (see Appendix 2). Additionally, Egger’s regression test (95% CI = [-2.038, 7.978]; t =
1.26, p = .225, p > .05) revealed no significant bias. However, the funnel plot (Figure 2) shows asymmetry in
the relationship between standard error and effect size. This asymmetry in the funnel plot was considered a sign
of publication bias (Card, 2012). To address this issue, Duval and Tweedie’s “cut and fill” method was applied.
The findings from this method indicated that the difference between the observed and corrected values was
26%. This difference was considered acceptable, as it was considered a reasonable value by Chang et al. (2022).
Additionally, the method suggested adding four studies (with effect sizes) to the right side of the funnel plot to
eliminate publication bias. After this adjustment, the funnel plot became symmetrical (see Figure 3).

Funnel Plot of Standard Error by Hedges's g
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Figure 2. Funnel plot of standard error by effect-size
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Funnel Plot of Standard Error by Hedges's g
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Figure 3. Funnel plot of standard error by effect-size after Duval and Tweedie’s trim and fill test

FINDINGS

Effect sizes were interpreted using the classification developed by Guler et al. (2022) based on Thalheimer
& Cook (2002). The classification is as follows: .14 and below as negligible, 0.15-0.39 as low, 0.40-0.74
as medium, 0.75-1.09 as large, 1.10-1.44 as very large, and 1.45 and above as perfectly huge. A positive
effect size indicates that the experimental group outperformed the control group, while a negative effect size
indicates that the control group outperformed the experimental group.

The Overall Impact of Chatbot-Based Intervention Studies on Speaking Performance

In this meta-analysis, 17 effect sizes (mean = 1.035) were calculated for 16 studies (including studies with
outliers). Table 3 presents the basic values (Hedges'g, standard error, and p-values) of the studies included
in the meta-analysis (Appendix 3). As seen in Table 3, the effect size values of 6 studies are greater than
1. Additionally, 5 effect sizes range between 1 and 0.5, while 6 are smaller than 0.5. As seen in Table 3,
11 p-values are significant (p < .05), while 6 are not significant (p > .05). According to the effect size
classification (Guler et al., 2022; Thalheimer & Cook 2002), the effect on speaking performance for the
random effects model was predicted to be g = 1.035 (%95 CI [0.632, 1.439], p < .05), which indicates
a large effect. In other words, chatbot-based interventions have a statistically significant and large effect
on improving speaking performance. The analysis shows that the effect size of one study (El-Said, 2023)
significantly deviates from the effect sizes of the other studies. Due to the considerably larger effect size of
this study, it was considered a potential outlier. A sensitivity analysis was conducted to examine the impact
of this study on the overall effect size. When the mentioned study was removed from the meta-analysis,
the overall effect size was calculated as 0.793. The difference in effect size before (1.035) and after (0.793)
removing the study was calculated as 0.242. This difference, with minimal impact on the publication bias
analysis, suggests that it would not lead to a change in the interpretation of the results. The forest plot for
the sensitivity analysis is shown in Appendix 4.
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Table 3. Outline of the essential values (Hedges g, standard error, and p) of chatbot-based intervention studies

Studies Hedges'g Standard Error P-value
_IA_;rr\;Z\év(e;c(i)gz,)Almaharma, Qatawneh, 0.839 0.271 0.002
Chien et al. (2022) -0.008 0.232 0.974
Deng (2024) -0.008 0.229 0.974
El-Said (2023) 5.825 0.571 0.000
Fathi et al. (2024) 1.050 0.262 0.000
Han (2020) 0.828 0.309 0.007
Hsu et al. (2023) 3.985 0.496 0.000
Hwang, Guo, Hoang, Chang & Wu (2024) 0.844 0.314 0.007
Jeon and Lee (2024) 0.606 0.218 0.005
Koc (2024) 0.050 0.303 0.870
Lin and Mubarok (2021) 2.193 0.356 0.000
Qiao and Zhao (2023) 1.087 0.111 0.000
Tai and Chen (2024) 1.066 0.199 0.000
Wang et al. (2024) Subgroup 1 -0.086 0.243 0.724
Subgroup 2 0.255 0.244 0.296
Ye et al. (2022) 0.774 0.194 0.000
Yuan (2024) 0.320 0.232 0.167
1.035 0.206 0.000

Moderator Variables

The findings from the moderator analysis revealed no significant difference between educational levels
(Q-value = 3.399; df = 2; p > .05) and intervention duration (Q-value = 5.892; df = 3; p > .05). In other
words, the moderators “educational level” and “intervention duration” did not have a differentiating effect
on the obtained effect size values. However, it was observed that the value for the “intervention duration”
moderator variable (p = 0.053) was very close to significance. This suggests that intervention duration might
be an important moderator in predicting the development of individuals’ speaking performance through
chatbot-based interventions. The average effect size for university students (Hedges' g = 1.225) was the
highest among the educational levels, while it was the lowest for high school students (Hedges' g = 0.265).
For K-8, the average effect size (Hedges' g = 0.747) followed that of university students. Similarly, for long-
term interventions, the average effect size (Hedges' g = 1.864) was the highest among the intervention
durations, while it was the lowest for short-term interventions (Hedges’ g = 0.358). Moreover, the average
effect size for mid-term interventions (Hedges’ g = 0.603) was closer to that of short-term interventions

(Hedges’ g = 0.358).
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Table 4. The Findings of Moderator Variables

Confidence

Interval (95%)
Moderator k Point SE Lower Upper Z-Value p-Value Q-Value df p-Value

variables estimate limit limit Q)
Educational K-8 6 0.747 0.117 0.517 0.977 6.361 0.000
level?
High 3 0.265 0.274 0.075 0.803 0.966 0.334
school
University 5 1.225 0.612 0.025 2.426 2.001 0.045
Total 3.399 2 0.183
between
Implementation Short-term 3 0.358 0374 -0375 1.091 0.957 0.339
durationb

Mid-term 6 0.603 0.265 0.083 1.123 2.275 0.023

Long-term 7 1.864 0524 0836  2.891 3.556 0.000

Total 5.892 2 0.053
between

a: Unspecified (k = 3) was disregarded. b : Unspecified (k = 1) was disregarded

DISCUSSIONS

Overall Effectiveness

In this study, the effect of chatbot usage on foreign language speaking performance was examined through
meta-analysis. The results of the study revealed that chatbot-based interventions had a statistically significant
and large effect on improving speaking performance. This finding is consistent with previous studies that
claimed chatbots contribute to students” speaking skills by improving pronunciation, accuracy, fluency, and
vocabulary (Fathi etal., 2024; Hwang etal., 2024; Qiao & Zhao, 2023). The study highlights the significance
of incorporating chatbot tools into the instruction of foreign language speaking skills. Recent technological
advancements have accelerated the integration of artificial intelligence into educational contexts, leading to
the convergence of Al with mobile- and computer-assisted learning environments and the development of
innovative instructional tools. Among these, chatbots contribute to the development of speaking proficiency
by providing learners with diverse interactive activities, including speaking practice, grammar exercises, and
vocabulary expansion (Hsu et al., 2023; Yang et al., 2022). Furthermore, it has been reported that these tools
increase willingness to communicate (Kim & Su, 2024) and improve speaking self-efficacy (Yildiz, 2024).
These contributions of chatbots in the language learning process emphasize their importance as an effective
and supportive tool for improving foreign language speaking skills.

The large effect of chatbot-based interventions on foreign language speaking performance in this study
supports the use of technology as a tool to enhance foreign language speaking skills. Consistent with this
finding, Du and Daniel (2024) noted that chatbots are highly effective in increasing interaction, enhancing
speaking motivation, and improving speaking performance. Huang et al. (2022) also found that chatbots
provide immediate access, ease of use, and personalization in teaching language skills. Chatbot-based
applications are interactive, adaptable to individual learner needs, and offer 24/7 accessibility (Davar et
al., 2025). For this reason, these findings suggest that chatbot-based applications may serve as supportive
technological tools in language learning. However, when reviewing the literature, some limitations of
chatbot usage in improving speaking skills are also highlighted. These include their unsuitability for all
proficiency levels, limitations in speech recognition, lack of communication, and the monotony of content
and format (Du & Daniel, 2024). When the findings of this study are considered alongside the results from
the literature, it becomes clear that chatbots have a high potential for improving speaking skills. However,
to fully realize this potential, further studies are needed on the technological limitations of chatbots and
pedagogical adaptations.
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The study found that 14 out of the 17 studies with calculated effect sizes had positive effect sizes, while 3 had
negative effect sizes. This finding suggests that chatbot-based intervention studies generally have a positive
effect on speaking performance. One possible explanation for this overall positive effect is that chatbot-based
applications provide language learners with more frequent opportunities for speaking practice and interaction.
In traditional classroom settings, speaking activities are often constrained by factors such as limited time and
the number of participants, whereas chatbots can support speaking practice in a more flexible and continuous
manner. Another possible reason is that chatbot applications may offer a learning environment in which students
experience lower levels of pressure (Ballidag & Aydin, 2025). Indeed, Zhang (2025) emphasized that chatbot
applications improve communication skills by creating a more interactive and supportive environment for
learning. According to the study’s results, some intervention studies were classified as having a huge effect (El-
Said, 2023; Hsu et al., 2023; Lin & Mubarok, 2021). This result could be attributed to factors such as student
level, teacher support, or the content of the intervention. For instance, in El-Said (2023), the improvement
in the experimental group’s foreign language speaking skills was attributed to Duolingo providing participants
with interaction and communication opportunities, which allowed for corrective feedback. Similarly, Hsu et
al. (2023) noted that the TPBOT tool increased speaking performance by offering self-learning opportunities,
interaction, and instant feedback in the experimental group. In Lin and Mubarok’s (2021) study, the huge
effect on the speaking performance of the experimental group might have resulted from the combination of
the mind map guidance with the Al chatbot strategy. An additional significant finding in this study was the
identification of studies with a negative effect on speaking performance (Chien et al., 2022; Deng, 2024;
Wang et al., 2024). This result may be due to factors such as the student’s readiness level, teacher attitude, or
intervention duration. In the studies by Chien etal. (2022) and Deng (2024), competitive elements were added
to the experimental group in order to examine the effect of competition on language acquisition alongside the
chatbot. The failure to measure the effect of the chatbot alone may have led to this result. In Wang et al.’s (2024)
study, two experimental groups were tested using different chatbots. The effect size for the experimental group
using the D-ID Agent tool was classified as low, while the effect size for the first experimental group using the
Typebot tool was negative. According to Wang et al. (2024), this result may have stemmed from the short
duration of the experiment and the limitations of the test used. In this context, it can be argued that the effect of
chatbot-based interventions on speaking performance should be evaluated not solely in terms of the technology
employed, but in relation to variables such as the duration of the intervention, its pedagogical design, learner
characteristics, and the extent of teacher guidance throughout the implementation process.

Discussion of Moderating Factors

In this study, no significant difference was found in the effect of different intervention lengths (short-term,
mid-term, long-term) on foreign language speaking performance. However, the value of the “intervention
duration” moderator variable was found to be very close to significance. This suggests that the duration of
the intervention could be an important moderator in predicting the development of speaking performance
through chatbot-based interventions. The intervention duration with the largest effect size in the study was
found to be long-term, followed by mid-term and short-term interventions. When comparing these findings
with the literature, it is observed that meta-analyses examining the effect of chatbots on language learning
report complex findings regarding intervention duration. Some studies have found no significant effect of
intervention duration (Lyu et al., 2024; Zhang et al., 2023), while others have determined that short-term
(Wu & Li, 2024) interventions are more effective. In this study, it was found that long-term interventions
had a more significant effect on students’ speaking performance. This result suggests that the “novelty effect”
or the “more efficient use of resources in a short period” might not have influenced the outcomes. The
novelty effect refers to the idea that short-term interventions are more effective than long-term ones due
to the interest and curiosity generated by new technology, with this effect reducing over time (Chen et al.,
2020; Liakin et al., 2017; Wu & Li, 2024). However, in this study, it was observed that as the duration of
chatbot-based instruction increased, the positive effect on students’ speaking performance strengthened.
This result may be due to the relatively new adaptation of chatbots in language education. As a new teaching
method, chatbots may initially be challenging for students, but as the duration of the intervention increases,
their ability to adapt improves, which in turn enhances their speaking performance (Chen et al., 2019; Liu
et al., 2025). Moreover, previous studies have suggested that the effectiveness of short-term interventions
could be attributed to the more efficient use of resources in a shorter time (Chen et al., 2020; Sung et al.,
2016). Intensive use of resources and energy in a short period can temporarily increase students” interest,
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motivation, and performance (Fryer et al., 2017). However, ensuring deeper learning, skill development,
and improved adaptation abilities in students to foster lasting learning is critical for effective education.
When the findings of this study are considered alongside the literature, it becomes clear that the effect of
intervention duration in chatbot-based interventions requires more comprehensive investigation.

No significant difference was found in the effect of different educational levels (K-8, high school, university)
on foreign language speaking performance in this study. The average effect size for university students was the
highest among the educational levels, while the lowest was observed in high school students. The average effect
size for K-8 students followed that of university students. When comparing this finding with the literature, meta-
analyses examining the effects of chatbots on language learning report complex findings regarding educational
level. Some studies have found that educational level had no significant effect (Lyu et al., 2024), while others
have reported larger effect sizes at the K-12 level (Zhang et al., 2023). In studies examining the effect of artificial
intelligence on learning, some studies have found no significant effect of educational level (Alemdag, 2023),
while others have reported larger effect sizes at the university level (Garzon & Acevedo, 2019; Wu & Yu, 2024).
In this study, the largest effect size was reported at the university level. This result can be explained by the
fact that university students are more adept at adapting to technology and engaging in independent learning,
allowing them to benefit more effectively from technology-advanced learning processes (Xu et al., 2022). When
considering the K-8 level, low language proficiency and digital literacy in elementary school (Jeon, 2022) and
academic pressure in middle school (Tang et al., 2020) might limit students’ ability to benefit effectively from
chatbots. A significant finding in this study is that high school students had the lowest effect size. This may be
due to the small number of studies conducted at the high school level (f=3). For more accurate and definitive
results, an increase in the number of chatbot-based intervention studies at the high school level is needed.

CONCLUSION AND SUGGESTIONS

This study examined the effectiveness of chatbots on foreign language speaking performance based on the analysis
of 16 distinct studies. It was found that the average effect size of chatbots on speaking performance was large,
confirming that chatbots lead to positive results in improving speaking skills. The study also determined that the
moderator variables, such as educational level and intervention duration, did not produce significant differences.
This research demonstrates that chatbots are more effective in enhancing speaking performance compared to
traditional language learning methods. Additionally, it offers a new perspective on how integrating artificial
intelligence technology into language learning processes can help students develop their language skills more
effectively. In terms of educational practices, this study points to the need to go beyond traditional classroom
practices and integrate artificial intelligence-supported tools into learning environments. It is seen that chatbots
can provide accessible and encouraging support especially for students who have speech anxiety or who cannot
find enough speaking rights in the classroom (Wang et al, 2024). This is also important in terms of supporting
individualized learning paths and enabling students to learn at their own pace. In addition, the fact that the level
of education and the duration of the intervention did not create a significant difference in the moderator analyses
indicates that chatbot technology can be effective in different age groups and regardless of duration. This shows
that chatbots can be used as a flexible, scalable and adaptable teaching tool in various contexts.

The fact that chatbots are a new technology in language education indicates that the studies conducted
are still in the early stages. The role of chatbots in education and their impact on learning have not been
fully elucidated yet, and more experimental research is needed in this area (Vazquez-Cano et al., 2021; Yin
et al., 2021). As the number of studies on this topic increases, more comprehensive meta-analyses can be
conducted. The limited number of publications has prevented the inclusion of chatbot type as a moderator.
Additionally, in this study, components of speaking performance such as fluency, accuracy, and pronunciation
were considered under a single score. Future studies could examine chatbot type and components of speaking
performance as moderators. The study focuses on foreign language speaking performance. However, existing
research indicates that individuals face challenges not only in foreign languages but also in their native
languages (Kayhan et al., 2025) and second languages (Woodrow, 2006) when it comes to speaking skills.
Accordingly, future research could investigate the effectiveness of chatbot-based interventions in different
language contexts. Furthermore, speaking is a process influenced by social and psychological factors, and
it is related not only to linguistic proficiency but also to affective factors such as motivation, willingness to
communicate, and anxiety (Wu & Lin, 2014). Therefore, the effects of chatbot implementations on the
affective dimension of conversational skills can be examined.
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APPENDICES 1
Findings Regarding the Heterogeneity Test

The Findings of the Classic Fail-Safe N Test and Orwin’s Fail-Safe N Test

Model Effect size and 35% confidence interval Test of null {2-Tail) Heterogeneity Tau-squared

Number Point  Standard Lowet Upper Tau  Standard
Model Studies  estimale  emor  Vanance  limit imit Zvalue  P-value Q-value df (@) P-value I-squared Squared  Emor  Varance Tau
Fixed 17 0793 0,058 0003 0683 0403 14164 0,000 197,465 16 0o 918 0837 0300 0,030 073
Random 17 0% 0206 0042 0632 143 5029 0.000

Classic fail-safe N

Z-value for observed studies

P-value for observed studies

Alpha

T ails

Z for alpha

Number of observed studies

MNumber of missing studies that would bring p-value to > alpha

Orwin's fail-safe N

Hedges's g in observed studies

Criterion for a tnvial' hedges's g

Mean hedges's g in missing studies

Mumber miszing studies needed to bring hedges's g under 0,1

14.78849
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0.05000
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1.95396
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Edit

0.79317
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118.00000

Edit
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APPENDICES 3

Forest Plot

Meta Analysis

Study name Subgroup within study Statistics for each study Hedges's g and 95% CI
Hedges's Standard Lower Upper
g emor  Variance limit  limit ZValue p-Value
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1,035 0,206 0,042 0632 1439 5029 0,000
-1,00 0,50 0,00 0,50 1,00
Favours A Favours B
Meta Analysis
APPENDICES 4
Sensitivity Analysis
L]
Meta Analysis
Study name Sub within study Statistics for each study Hedges's g and 95% C|
Hedges's Standard Lower Upper
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