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Abstract
Chatbots have established themselves as one of the main foci of interest of technology-enhanced 
language learning research, owing to their ability to partake in natural language exchanges 
through both the spoken and the written medium. Evidence of their learning benefits both 
within and outside of the classroom has been examined in a large body of research featuring 
scoping reviews and meta-analyses, which have also highlighted their potential drawbacks 
and technical fallacies. The present contribution shifts the focus away from the capabilities 
and limitations of the technology to address how chatbots’ effectiveness, or lack thereof, is 
pedagogically framed and experimentally operationalised within dialogue-based computer-
assisted language learning (CALL). Thirty-seven empirical studies were sampled to investigate 
four core dimensions underlying chatbots’ effectiveness for English language practice: learners’ 
profiles, theoretical frameworks, teaching settings and learning outcomes. Results highlight a 
limited conceptualisation of chatbots’ effectiveness in L2 English teaching, tied to an under-
theorisation of their instructional affordances and a narrow definition of learning trajectories, 
interaction types and measurable outcomes. These aspects appear to hold true independent of 
the chatbot architecture employed, whether based on large language models (LLMs) or not, 
suggesting a misalignment between technology implementation and pedagogical grounding, 
where the interactionist foundations that originally informed dialogue-based CALL are still 
insufficiently featured in evaluations of chatbot-mediated language learning.

Keywords: dialogue-based CALL, systematic review, chatbots, interactionist 
approach, large language models (LLMs), effectiveness

1. Introduction

Rapid digital advancements are favouring the emergence of a new paradigm 
in second language (L2) education, centred around the integration of 
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Artificial Intelligence (AI) tools such as virtual agents and tutoring systems. 
As a result, L2 learners today are increasingly exposed to technology-mediated 
interactions, which appear to offer considerable advantages for customisable 
and scalable learning opportunities. Conversational AI systems, also known 
as chatbots, are central to this enterprise, owing to their ability to assign 
meaning and context to questions and answers in natural-language exchanges. 
In response to this expansion, a growing body of systematic reviews, scoping 
reviews and meta-analyses has sought to synthesise empirical research on 
computer-assisted language learning (CALL), with a strong focus on English-
as-a-Foreign-Language (EFL) contexts. In this review, we specifically adopt 
a restricted perspective that focuses on dialogue-based systems for English 
language practice, highlighting the pivotal role of interaction in second 
language acquisition: interaction fosters access to comprehensible input, 
output, feedback and negotiation of meaning, all of which are essential in L2 
development (cf. Long 1981; Gass 2013; Bibauw et al. 2022). 

Existing research on the matter has highlighted chatbots’ potential 
for continuous learning thanks to the provision of  low-stakes, learner-
controlled interactions both within and outside the classroom (Klimova 
et al. 2023), addressing long-standing constraints for foreign language 
instruction such as limited access to native speakers and sustained 
practice, as well as learner’s anxiety and (un)willingness to communicate 
during face-to-face conversation (Huang et al. 2022). The advent of 
transformer-based and LLM-powered architectures has further expanded 
the possibilities of this technology, enabling more natural and open-
ended dialogue than earlier systems owing to their generative response 
mechanism (Godwin-Jones 2024). Despite encouraging findings, previous 
studies also report on important limitations in chatbots’ capabilities and 
integration. On the one hand, their implementation has largely been 
conceived as monolithic, overlooking critical design differences related 
to goal orientation, multimodality and interaction style (Zhai/Wibowo 
2023). On the other hand, concerns have been expressed in relation to 
chatbots’ performance when handling non-standard varieties of language 
and pragmatic meaning (Huang et al. 2022: 238). 

Beyond performance, however, the use of chatbots rests on broader 
assumptions about technology-mediated learning that often go unexamined. 
The aim of this systematic review is indeed to document not only what 



Re-Evaluating AI Chatbot Effectiveness

15

chatbots can and cannot do for teachers and pupils, but also what construct of 
effectiveness they rely on, how such effectiveness is pedagogically framed and 
operationalised, as well as what type of learners benefit from it and in which 
context. Additionally, the review investigates potential shifts introduced by 
the integration of LLM-based tools at a time when these are just beginning 
to enter mainstream language education. With these objectives in mind, the 
present work draws on the Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) 2020 methodology for reporting systematic 
reviews (Page et al. 2021) to answer the following research questions:

-	 How do existing studies frame chatbots’ effectiveness for L2 English 
practice within the framework of dialogue-based CALL?

-	 Are there any visible changes brought about by the implementation 
of transformer-based and LLM architectures? 

2.  Review of the Literature 
Conversational chabots can be broadly defined as automated agents that 
enable natural language interaction between humans and machines through 
text or voice. In the literature on L2 acquisition, the pedagogical use of 
chatbots is generally grounded in interactionist approaches (cf. Bibauw et 
al. 2022; Lee/Lee 2024). Within these approaches, acquisition is claimed 
to be facilitated by learners’ engagement in meaning-focused interaction, 
particularly when communication breakdowns occur and negotiation 
becomes a necessity. Such negotiations prompt conversational adjustments, 
such as requests for clarification and modification of output, which “help 
learners make connections between form and meaning” (Chapelle 2005: 
55), thereby creating conditions conducive to learning.

Chatbots have been shown to offer specific benefits for language learning, 
proving valuable as alternatives to face-to-face or computer-mediated 
interactions between humans (Dombi et al. 2024: 35). Jeon et al. (2023: 
2) summarise these benefits into five key affordances: anxiety-reduction, 
repetitive practice, student-centeredness, communicative authenticity, and 
ubiquity. In more detail, previous work has shown that learners experience 
less anxiety about their language performance when interacting with non-
human interlocutors (Bouillon et al. 2016) and are more likely to repeat and 
modify output until they are satisfied with it (Jeon 2022). The technology 
itself can be adapted to different learning contexts and learner profiles, 
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offering personalised learning experiences (Zhai/Wibowo 2023). Finally, 
the availability of chatbots inside and outside of the classroom allows 
students to engage in language use without temporal or spatial constraints, 
which is especially welcome in contexts where opportunities for other 
realistic L2 practice are scarce (Huang et al. 2022). 

Recent advancements in AI technology have led to a rapid expansion 
of empirical research exploring its applications for language learning, 
accompanied by a parallel surge in meta-analyses and scoping and systematic 
reviews aimed at systematizing the burgeoning body of evidence. A substantial 
share of these reviews adopts a broad conception of AI, with only a fraction of 
them being directly concerned with conversational chatbots. Both Feng et al. 
(2025) and Zhu and Wang (2025), for example, mention chatbots alongside 
other AI-based systems which also include Automatic Writing Evaluation 
(AWE), Machine Translation and Intelligent Tutoring systems.

The reviews aligning more closely with the present one focus on 
chatbots as a form of AI that is applied specifically to dialogue-based 
interactions, enabling learners to negotiate meaning through input and 
output (Wang et al. 2024: 3). Among these, some zoom in on specific 
chatbot technological designs, classifying their different types and 
features. This is the case of Jeon et al. (2023) who categorise speech-
based chatbots according to their adaptability to specific language 
learning scenarios, their embodiment (i.e. the presence of a virtual 
body), and multimodality (i.e. the possibility to use text, pictures 
and/or videos). Other reviews examine chatbots’ specific pedagogical 
applications. Ji et al. (2022), e.g., explore the complementary role of 
conversational chatbots and human teachers in language education, 
finding that attempts to integrate the technology with traditional face-
to-face teaching remain limited and that the two modes of learning 
largely continue to operate separately.

The meta-analyses by Bibauw et al. (2022) and Wang et al. (2024) 
adopt a broader technological and pedagogical perspective, examining 
how different variables related to conversational chatbot implementation, 
learner profiles, learning objectives and pedagogical design affect different 
areas of language acquisition (e.g., grammar and vocabulary, or reading 
and listening). Both report a positive, medium-sized effect of chatbot-
based interaction on language learning outcomes. Bibauw et al. (2022) 
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identify chatbot-related variables as key moderators, showing that 
form-focused and system-guided interactions characterised by pre-set 
conversation workflows significantly outperform systems providing more 
interactive, open-ended interaction. Wang et al. (2024) report similar 
findings concerning the advantages of constrained systems designed to 
scaffold language learning with focused instruction of specific target 
structures. Unlike the former study, however, they also find a significant 
impact of learner-related variables, with elementary school pupils and 
intermediate learners benefitting the most from chatbot-assisted learning. 

The observed superior performance of chatbots implementing 
constrained workflows over open-ended ones warrants further 
explanation, as pointed out by the authors themselves (Bibauw et al. 
2022: 16; Wang et al. 2024: 26). One possible reason for these results 
is quantitative, as the number of reviewed empirical studies adopting 
the latter technology were few and far between, reducing statistical 
power of results pertaining to them. The other explanation is more 
qualitative, in that open-ended dialogue systems presented technological 
shortcomings in terms of conversational naturalness, “preventing them 
from being entirely up to the task” (Bibauw et al. 2022: 16). Crucially, 
both meta-analyses deal with studies predating the adoption of LLM-
based chatbots, for which adaptation to user input and conversational 
naturalness have been hypothesised to constitute key assets (Godwin-
Jones 2024: 13). 

From a slightly different perspective, in recent reviews focusing 
on LLMs applied to language learning, the direct use of chatbots by 
learners in open-ended interactions remains marginal. Yang and Li 
(2024), for instance, observe that the prevalent functions of ChatGPT 
for L2 learning are content generation, feedback, and teaching 
support, with conversational practice notably absent from their core 
categories. Similarly, Chapelle (2025: 3) refers to interaction with 
conversational AI as a prewriting activity, “intended to help learners 
generate ideas for what they will write and practice with the language 
they will use in their text”.

Taken together, the works reviewed so far thus point to two major 
gaps in the literature. First, existing syntheses provide a largely pre-LLM 
view of conversational chatbots, offering limited insight into how recent 
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AI advances may reshape the affordances of open-ended dialogue for 
language learning. Second, even where LLM-based tools are considered, 
interaction is rarely examined as a pedagogical practice in its own right. 
The present systematic review addresses both gaps by providing an 
updated account of the affordances of conversational chatbots, including 
LLM-based ones, and by examining the technological, theoretical, and 
pedagogical underpinnings of dialogue-based language learning, with 
particular attention to the role of open-ended interaction.

3. Methodology
3.1 Literature Selection Process
The selection of studies to be included in the present review was conducted 
across the following databases: Scopus (last consulted: 21/08/2024), Web of 
Science (last consulted: 29/08/2024), ERIC (last consulted: 27/08/2024), 
and ProQuest (last consulted: 22/08/2024). These were identified by 
manually recording database mentions from a set of previously published 
works (N = 13), choosing the databases cited in more than half of them (fq 
≥ 8). For this purpose, papers were selected that met the following criteria:

i.	 the study is a systematic review;
ii.	 it examines chatbots as AI tools;

iii.	 it focuses on chatbot use in foreign language learning contexts.
Table 1 provides the full list of referenced works for database selection.

Authors Title

Bibauw et al. 2022 Dialogue systems for language learning: A meta-analysis

Huang et al. 2021
Chatbots for language learning—Are they really useful? A 
systematic review of chatbot-supported language learning

Ji et al. 2022
A systematic review of conversational AI in language 
education: focusing on the collaboration with human 

teachers

Jaheo et al. 2023
Beyond ChatGPT: A conceptual framework and systematic 
review of speech-recognition chatbots for language learning

Jiang 2022
How does artificial intelligence empower EFL teaching and 
learning nowadays? A review on artificial intelligence in the 

EFL context

Kartal/Yeşilyurt 2024
A bibliometric analysis of artificial intelligence in L2 

teaching and applied linguistics between 1995 and 2022
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Katsarou et al. 2023
A Systematic Review of Voice-based Intelligent Virtual 

Agents in EFL Education

Klimova 2023
The use of chatbots in university EFL settings: Research 

trends and pedagogical implications

Klimova et al. 2023
A Systematic Review on the Use of Emerging Technologies 

in Teaching English as an Applied Language at the 
University Level

Wang 2024
Does Chatting with Chatbots Improve Language Learning 

Performance? A Meta-Analysis of Chatbot-Assisted 
Language Learning

Xiao et al. 2023 Conversational agents in language learning

Zhai/Wibowo 2023
A systematic review on artificial intelligence dialogue 

systems for enhancing English as foreign language students’ 
interactional competence in the university

Zhang et al. 2023 Effect of chatbot‑assisted language learning: A meta‑analysis

Table 1. List of previously published works selected for database and keyword 
identification.

This list served as the basis for extracting keywords used in the sear-
ch, their relevance being determined by both frequency (n. of mentions 
across the selected reviews) and representativeness (significance for chat-
bot-assisted, dialogue-based English practice). To account for recent de-
velopments in the field, an initial keyword list was expanded to include 
terms associated with large language models (LLM) and their most wi-
dely adopted instantiations (ChatGPT, Claude, Copilot, Gemini, Lla-
ma, Mistral AI). Additionally, the full expression “artificial intelligence” 
was included to maintain consistency with the mix of acronyms and 
extended forms already present in the original list. The search strategy 
relied on Boolean query strings combining two sets of keywords, one 
related to the software/object (N = 14), and the other to the task (N = 
12), using the operators AND (i.e. across sets) and OR (i.e. within sets). 
At this stage, keywords were extracted from metadata and abstracts.

(A)	 Software:
AI; artificial intelligence; chatbot; ChatGPT; chatterbot; 
Claude; conversational agent; conversational system; Co-
pilot; dialogue system; Gemini; Llama; LLM; Mistral AI.
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(B)	 Task: 
computer-assisted language learning; EFL; English as a 
Foreign Language; English as a Second Language; ESL; 
language education; language learning; language tea-
ching; Teaching English as a Foreign Language; Teaching 
English to Speakers of Other Languages; TEFL; TESOL.

Searches leveraging translated keywords for papers written in languages 
other than English returned virtually no results, namely a handful of case 
studies either not meeting our selection criteria (N = 6) or featuring an 
abstract in a second language but in fact being written in English. 

The filtering process followed a two-phase screening protocol designed 
to ensure methodological transparency and reduce potential bias. In the first 
phase (Screening v1), studies were filtered based on metadata and abstracts, 
using a set of five inclusion criteria. These pertained to publication type and 
language, temporal range, topical relevance (EFL/ESL), and the presence of 
learner-chatbot interaction. Only peer-reviewed journal articles written in 
English, French, German, Italian or Spanish and published from 2018 to 
2024 were considered. The year 2018 was chosen as a meaningful bench-
mark since it is the year when both the Universal Design for Learning Gui-
delines (CAST 2018), and the first GPT model by OpenAI were released, 
marking fundamental achievements for inclusive education and AI develop-
ment.  A further condition was that studies report on chatbot use involving 
learner interaction within foreign or second language learning contexts. This 
initial screening was conducted by two reviewers, each targeting two data-
bases. Selections were cross-validated by each reviewer before proceeding. 
Disagreements, on such matters as whether the study tested a chatbot-like 
piece of technology rather than any other NLP algorithm, were resolved 
through collaborative discussion, and final decisions reached by consensus.

In the second phase (Screening v2), full-text analysis was used to confirm the 
pedagogical function of the chatbot, with only studies featuring dialogue-based 
chatbot activities being retained. Candidate papers were excluded if the chat-
bot played a marginal role, if its usage was not grounded in actual interaction 
(leaving out, among others, surveys and questionnaires collecting teachers and 
learners’ sole perceptions of AI-driven technology as well as any testing done by 
authors that showcase a prototype’s capabilities), or if the system under review 
did not function as a conversational agent (e.g., platform-based tools without 
turn-taking capabilities). Conversely, studies using mixed methods (e.g., inclu-
ding surveys or interviews) were retained provided the chatbot was implemen-
ted and tested within a pedagogical task, and dialogue-based use was prevalent. 
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Selection criteria were formulated to minimize interpretive ambiguity, privi-
leging task-centred accounts of chatbot use over system-centred descriptions. 
Table 2 provides a complete summary of inclusion and exclusion criteria, along 
with the source of evidence used for each decision point. The full process of 
literature searching and sampling is visualised in Figure 1.

Criterion Include Exclude Evidence 
Source

Publication 
type

Peer-reviewed 
journal articles

Book chapters, 
conference 

proceedings, theses

Metadata

Language English, French, 
German, Italian, 

Spanish

Other languages Metadata

Publication 
date

2018 - 2024 Before 2018 and after 
2024

Metadata

Topic EFL/ESL 
learning

Non-EFL/ESL contexts Metadata + 
Abstract

Interaction Studies where 
learner–chatbot 

interaction is 
central

Studies where 
interaction is marginal 

or absent

Full text

Table 2. Summary of inclusion and exclusion criteria.

Figure 1. Summary of literature search and selection.
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3.2 Paper Encoding 
Data from the selected studies were initially collected by individual authors 
and categorised into four core dimensions. Missing or insufficient informa-
tion for any variable within these dimensions was marked as “unspecified”. 
To mitigate the risk of bias, each paper was encoded by two separate au-
thors. Extracted data were compared, and discrepancies resolved through 
discussion. The results were then cross-checked for consistency and factual 
accuracy by two other authors.

Dimension I, Learner Profile, captures sample geographical distribu-
tion, that is, the country where each study was conducted, and learner 
demographics (age, gender, first language). Given the wide range of age 
data reported, a decision was made to cluster them into standardised bins 
based on the median of the given range. Cases where age data was not 
given were treated as a separate category (“unspecified”). Similarly, those 
instances where participants’ L1 was not explicitly declared were marked 
separately as “assumed” based on the main language spoken in the country 
of intervention. This dimension also includes learners’ proficiency levels 
as defined by the CEFR Global Scale: basic (A1-A2), independent (B1-
B2), and proficient (C1-C2).  In eight instances, proficiency was inferred 
inductively from the clues provided, including reference to “novice” or 
“intermediate” levels, and mapped onto the predefined categories. Five 
papers provided no such piece of information and were hence encoded as 
“unspecified” for this parameter. 

Dimension II, Chatbot Intervention, describes the structure of each 
study’s experimental protocol to encompass details on session duration 
(including time spent and number of sessions) and setting, chatbot used, 
tasks performed and their mode of production, as well as the type of data 
collected, if any, for subsequent analysis. A standardised measurement of 
overall exposure, quantifying how extensively chatbots were integrated in 
the learning process, was calculated using one of the following methods: 

(i)	 Option A
Overall exposure was estimated by calculating the time spent across all 
sessions for each entry as follows: 

•	 Multiple sessions – (sessions per week) x (duration per session) x 
(number of weeks)

•	 Fixed sessions – (number of sessions) x (duration per session) 
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Times were converted to minutes, using averages if a range was given. Un-
specified values, including unrestricted duration and unlimited sessions, 
were marked as “unspecified”, appearing in 20 papers out of 37. Ambiguities 
such as “at least” were handled by using minimal values mentioned. Expo-
sure ranges were subsequently categorised into bins as low exposure (1-300 
minutes), moderate exposure (301-900 minutes), and high exposure (900-
1800 minutes). This option was eventually discarded as the high number of 
unspecified values resulted in suboptimal clustering with low informativity.

(ii)	Option B
Overall exposure was estimated by reference to weekly metrics, the most fre-
quently mentioned in our dataset. Exposure ranges were clustered as single ses-
sions, low exposure (less than or equal to four weeks), moderate exposure (betwe-
en five and eight weeks) and high exposure (more than nine weeks).

Chatbot characteristics cover such features as development (existing or self-desi-
gned), availability (free, limited, pay-to-use, unavailable), architecture (LLM-ba-
sed or not), and their role within the learning experience. For the latter, we 
adopted a tripartite classification in interlocutor, simulator and helpline (cf. § 4.2) 
adapted from chatbots’ pedagogical uses as defined in Huang et al. (2021). Spe-
cifically, while the roles of interlocutor and simulator cover free topic discussion 
and role playing, respectively, that of helpline encompasses any kind of scaffol-
ding given to the student, be it in the form of assistance or feedback.

Dimension III, Outcome Variables, reports on what learning outcomes 
were sought for, how these were operationalised, and how they were assessed. 
In particular, each outcome was classified as either cognitive – reflecting im-
provements in learners’ linguistic competence broadly conceived – or beha-
vioural – affecting the overall learning experience in terms of engagement and 
students’ perceptions1. 

Dimension IV, Theoretical Background, identifies the theoretical 
underpinnings of the didactic approach. These were further classified ba-
sed on whether they aligned with theories of second language (L2) ac-
quisition, psychology of language learning or a given teaching approach. 
Second language acquisition encompasses diverse branches of inquiry 

1 While aware that they do not reflect the full breadth of language learning phenomena 
attested in the sample, we believe these labels to be useful umbrella terms that strike a balance 
between transparency and accuracy. Similar labels are also used, e.g., by Wang et al. (2024). 
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analysing the processes through which people learn a non-native lan-
guage. These include, among others, Long’s (1981) interactionist theory, 
Krashen’s (1982) comprehensible input hypothesis and Vygotsky’s (1978) 
sociocultural theory. Psychology of language learning, on the other hand, 
served as an umbrella term for perspectives drawn from educational 
psychology and cognitive science emphasizing how emotional and mental 
factors, most notably working memory, motivation and anxiety, poten-
tially affect the learning experience. This body of work includes Glover’s 
(2011) conceptualization of language awareness and Reeve’s (2012) no-
tion of academic engagement. Finally, teaching approaches cover establi-
shed classroom strategies guiding instructional practice, as exemplified 
by Communicative Language Teaching (CLT), flipped classroom and 
task-based learning. Any study lacking explicit engagement with theoreti-
cal claims was encoded with the label “None”.

4. Results
4.1 Learner Profile
The 37 studies reviewed were predominantly carried out in Asia (N = 
28) with a minority of contributions from Europe (N = 8), confirming 
a trend already observed in previous systematic reviews (cf. Bibauw et 
al. 2022; Zhai/Wibowo 2023). One study (Zhai et al. 2024) was not 
located explicitly, as it took place online. Fifteen papers do not explicitly 
mention their participants’ first language, providing a partial picture of 
the target population.   

Participants represent a broad spectrum of ages, educational and pro-
ficiency levels. Although the reported information is at times insufficient 
to fully match our dimensions, several consistent patterns emerge. Twenty 
studies in the sample feature university students, typically at bachelor’s or 
equivalent level (N = 18), although neat classification is hindered by the 
low informativity conveyed through phrasings such as “university studen-
ts” (Johnson 2019; Kim et al. 2021(a); Kim et al. 2021(b)), “college level” 
(Li et al. 2020) or “English Major” (Wang/Xue 2024). Two studies recrui-
ted learners from diverse contexts, featuring primary and upper-secondary 
students (Yang et al. 2022) and master’s students (Shaikh et al. 2023) re-
spectively. Ages are left out in ten out of thirty-seven studies, but in the 
majority of those that do reference them (N = 11), they cluster between 20 
and 24, confirming the focus on tertiary education (cf. Huang et al. 2021).
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Educational Level N. of  papers 
in the sample

Author(s)

Primary 4 Jeon 2024; Jeon 2022; Kwon et al. 2023; 
Tai/Chen 2024

Low Secondary 5
Ericsson/Johansson 2023; Ericsson et al. 
2023(a); Ericsson et al. 2023(b); Shikun et 

al. 2024; Shin et al. 2024;

Upper Secondary 2 Kim et al. 2022; Ye et al. 2022

Bachelor’s or 
equivalent 18

Alrajhi 2024; Belda-Medina/Calvo-Ferrer 
2022; Belda-Medina/Kokosková 2023; 

Çakmak 2022; Chi-Jen/Husni 2021; 
Duong/Suppasetseree 2024; Fryer et al. 
2019; Johnson 2019; Kim et al. 2021(a); 

Kim et al. 2021(b); Li et al. 2020; Polakova/
Klimova 2024; Shin/Lee 2024; Van Horn 
2024; Wang/Xue 2024; Yang et al. 2024; 

Yin/Satar 2020; Zhang et al. 2024;
Master’s or 
equivalent 2 Lee et al. 2024; Oraif  2024

Mixed 2 Shaikh et al. 2023; Yang et al. 2022

Unspecified 4 Bao 2019; Fathi et al. 2024; Ji et al. 2024; 
Zhai et al. 2024

Table 3. Distribution of studies by participants’ education level.

In terms of language proficiency, in most studies (N = 22) participants 
were assigned to basic (A1–A2) and independent (B1–B2) levels according 
to CEFR or equivalent frameworks (e.g., TOEIC, IELTS, ACTFL). No 
study explicitly targeted only proficient learners (C1-C2).

Participants’ proficiency 
level

N. of  papers 
in the sample

Author(s)

Basic (A1-A2) 8

Duong/Suppasetseree 2024; Erics-
son/Johansson 2024; Ericsson et 
al. 2023(a); Ericsson et al. 2023(b); 

Jeon 2024; Kwon et al. 2023; Li et al. 
2020; Tai/Chen 2024
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Independent (B1-B2) 8

Çakmak 2022; Fathi et al. 2024; 
Fryer et al. 2019; Ji et al. 2024; 

Johnson 2019; Van Horn 2024; 
Yang et al. 2024; Zhai et al. 2024

Proficient (C1-C2) 0

Basic-to-Independent 
(A1-B2) 6

Bao 2019; Kim et al. 2021(a); Kim 
et al. 2021(b); Jeon 2022; Shin et al. 

2024; Yang et al. 2022

Basic-to-Proficient 
(A1-C2) 2

Lee et al. 2024; Shaikh et al. 2023

Independent-to-
Proficient (B1-C2) 7

Alrajhi 2024; Belda-Medina/
Calvo-Ferrer, 2022; Belda-Medina/

Kokosková 2023; Oraif  2024; 
Polakova/Klimova 2024; Yin/Satar 

2020; Zhang et al. 2024 

Unspecified 6
Chi-Jen/Husni 2021; Kim et al. 2022; 
Shikun et al. 2024; Shin/Lee 2024; Ye 

et al. 2022; Wang/Xue 2024;

Table 4. Distribution of studies by participants’ proficiency levels. 

4.2 Intervention
The reviewed studies demonstrate a clear preference for available chatbot sy-
stems, with more than two-thirds (N = 27) employing commercial or freely 
accessible applications such as Replika, ChatGPT, Andy, or Google Assistant. 
Only a minority (N = 10) relied on self-designed chatbots, often developed 
through natural language understanding (NLU) platforms like Google Dialo-
gflow (N = 4). In terms of accessibility, 20 out of 27 existing chatbots are free 
to use, though authors noted functionality limitations or partial paywalls in 
five of them (Andy, Buddy.ai, Mondly, Enskill, Wysa). By contrast, three out of 
five self-designed systems were explicitly unavailable to users beyond the study 
context (Lee et al. 2024; Zhai et al. 2024; Shin et al. 2024; Yang et al. 2022), 
underscoring their role as experimental prototypes rather than deployable tools.
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Chatbot Availability System Architecture

Alex Free Existing LLM

Alexa Pay-to-use Existing Not LLM

Andy English Chatbot Limited Existing LLM

Bard Free Existing LLM

Buddy.ai Pay-to-use Existing LLM

ChatGPT Free Existing LLM

Cleverbot Free Existing Not LLM

CoolE Bot Free Self-designed LLM

Dou Bau Free Existing LLM

Ellie Unavailable Self-designed Not LLM

Enskill Pay-to-use Self-designed Not LLM

Google Assistant Free Existing Not LLM

John Bot Free Existing Unspecified

Kuki Free Existing Not LLM

Lora AI Unspecified Existing Unspecified

MACHE-Bot Unavailable Self-designed Not LLM

Microsoft Xiaoying Free Existing Not LLM

Mitsuku Free Existing Not LLM

Mondly Pay-to-use Existing Unspecified

PengTalk Unavailable Existing Not LLM

Pi.ai Free Existing LLM

Poe Platform Free Existing LLM
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Replika Free Existing LLM

SpeakG Free Existing LLM

TalkAI Free Existing Unspecified

TalkPal AI Free Existing LLM

Tutor Mike Free Existing Not LLM

Unnamed* Unspecified Self-designed Not LLM

Wenxin Yiyan Free Existing LLM

Wysa Free Existing Not LLM

Xunfei Xinghuo Free Existing LLM

Table 5. List of featured chatbots, their availability and architecture. “Unspecified” 
refers to cases where such information was neither clearly reported in the study nor 
available through external resources. “Unnamed*” refers to studies where the chatbot 
was not explicitly referenced.

Functionally, almost half of the studies (N = 18) employed chatbots that 
operated as interlocutors-only, facilitating real-time dialogue and conver-
sational fluency practice. In three instances, they functioned as simula-
tors-only, engaging learners in contextualised, task-based exchanges (e.g., 
making a reservation or roleplaying shopping scenarios). Multi-purpose 
functionality (N = 14) almost exclusively translates into helpline roles 
being integrated into either free conversation (N = 5), simulations (N = 
3), or both (N = 2), offering linguistic support in the form of proficiency 
scores, grammar explanations or vocabulary clarification. Similar targeted 
pedagogical aims, including customised corrective feedback (Jeon 2024; 
Kim et al. 2022; Li et al. 2020; Shin et al. 2024; Tai/Chen 2024) and clo-
sed domain task simulation (Johnson 2019; Kwon et al. 2023; Yang et al. 
2022) are consistently found in those cases where self-designed chatbots 
are developed and tested. In four other occasions, the study featured a wor-
kbook function for grammar and/or vocabulary exercises (Belda-Medina et 
al. 2023; Kim et al. 2022; Van Horn 2024) and a prompting guide (Shin 
et al. 2024). In one instance (Wang/Xue 2024), no exhaustive information 
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on the matter was provided, as the task performed was labelled as “langua-
ge education”.

Chatbot Function N. of  papers 
in the sample

Author(s)

Interlocutor 18

Bao 2019; Belda-Medina/Calvo-Ferrer 
2022; Çakmak 2022; Chi-Jen/Husni 2021; 
Duong/Suppasetseree 2024; Ericsson et 

al. 2023(a); Ericsson et al. 2023(b); Fryer et 
al. 2019; Lee et al. 2024; Kim et al. 2021(a); 
Kim et al. 2021(b); Oraif  2024; Polakova/
Klimova 2024; Shikun et al. 2024; Yang et 
al. 2024; Yin/Satar 2020; Zhai et al. 2024; 

Zhang et al. 2024; 

Simulator 3 Johnson 2019; Kwon et al. 2023; 
Yang et al. 2022 

Helpline 1 Ji et al. 2024

Multiple 14

Alrajhi 2024; Belda-Medina/Kokosková 
2023; Ericsson/Johansson 2023; Fathi et al. 
2024; Jeon 2024; Jeon 2022; Kim et al. 2022; 
Li et al. 2020; Shaikh et al. 2023; Shin/Lee 
2024; Shin et al. 2024; Tai/Chen 2024; Van 

Horn 2024; Ye et al. 2022;

Table 6. Distribution of studies by reported chatbot function within the learning 
scenario.

Twenty-two interventions adopted a short-term structure, ranging from 
single-session studies to multi-week interventions lasting up to four weeks. 
Chatbot use was implemented in both in-class and out-of-class contex-
ts, following a weekly format most consistently employed outside of the 
classroom (63% and 90% of the time, respectively). One study (Zhai et 
al. 2024) was encoded as “unspecified” since no explicit mention of its 
educational environment was found. The dominant mode of interaction 
was spoken (N = 19), which in nine cases was found in combination with 
written tasks. Three papers mention mixed modes of interaction: speech 
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to text conversation (Fryer et al. 2019), spoken for learners but written for 
chatbots (Lee et al. 2024) and vice-versa (Fathi et al. 2024).

Interaction 
mode

N. of  papers 
in the sample

Author(s)

Spoken 19

Bao 2019; Çakmak 2022; Chi-Jen/Husni 
2021; Duong/Suppasetseree 2024; Ericsson/

Johansson 2023; Ericsson et al. 2023(a); 
Ericsson et al. 2023(b); Jeon 2022; Johnson 

2019; Kim et al. 2021(a); Kim et al. 2022; Li et 
al. 2020; Oraif  2024; Shikun et al. 2024; Tai/
Chen 2024; Yang et al. 2022; Yang et al. 2024; 

Ye et al. 2022; Zhang et al. 2024

Written 8

Alrajhi 2024; Kwon et al. 2023; Polakova/
Klimova 2024; Shaikh et al. 2023; Shin/Lee 

2024; Van Horn 2024; Yin/Satar 2020; Zhai et 
al. 2024;

Spoken and 
written 7

Belda-Medina/Calvo-Ferrer 2022; Belda-
Medina/Kokosková 2023; Ji et al. 2024; Jeon 

2024; Kim et al. 2021(b); Shin et al. 2024; 
Wang/Xue 2024

Other 3 Fathi et al. 2024; Fryer et al. 2019; 
Lee et al. 2024

Table 7. Distribution of studies by interaction mode.

Almost all interventions relied on individual interaction with a chatbot (N 
= 32), with only a handful involving group-based activities or peer colla-
boration. The tasks assigned included the possibility for students to discuss 
pre-determined topics using given structures (N = 11), role-play scenarios 
(N = 3), or mission-based simulations (N = 4). 

In terms of data sources, 21 studies relied on logs (N = 6), recordings 
(N = 5), or both (N = 3), while almost two-thirds did not collect any inte-
raction data. Perhaps more crucially, no study reported on the nature and 
content of the learner-chatbot interactions by zooming in on the language 
produced to highlight interactional strategies.
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4.3 Outcome Variables
Evaluation strategies in the 37 papers included in the review demonstra-
ted both thematic convergence and methodological disparity. A strong 
majority of them (N = 23) focused solely on behavioural outcomes, defi-
ned here to encompass both engagement-related metrics and learner per-
ceptions (e.g. motivation, satisfaction, attitudes), assessed via self-report 
instruments such as surveys/questionnaires (N = 19), (semi-)structured 
interviews (N = 4) or both (N = 10). Alternatively, evaluation of beha-
vioural outcomes was carried out relying on performance metrics (Chi-
Jen/Husni 2021), standardised tools such as Social Network Analysis (Ji 
et al. 2024) or otherwise unspecified personal reflections (e.g. Yang et al. 
2024; Kim et al. 2022). The remaining fourteen studies integrated pre-
and post-intervention test to examine learning outcomes defined in terms 
of fluency, pronunciation, and lexical accuracy. Six of them specifically re-
lied on standardised tests, including IELTS (Bao 2019; Fathi et al. 2024), 
TOEIC (Kim et al. 2021(a)) and CELST (Ye et al. 2022), or used them 
to model their evaluation (Duong/Suppasetseree 2024; Tai/Chen 2024). 
While most research designs (N = 29) demonstrated widespread interest 
in data triangulation by including at least two data sources, their inte-
gration was inconsistently reported, as methods for cross-validating data 
sources were rarely described and no explicit reference was made to the 
role of additional data types collected (such as interaction logs and recor-
ded outputs). Finally, only eleven studies further incorporated a control 
group to benchmark chatbot effectiveness against established pedagogical 
approaches, most notably forms of face-to-face learning. 

In terms of analytical methods, twenty-three studies employed multiple 
techniques, each assigned to different outcome types: cognitive outcomes 
were examined using parametric statistics such as ANCOVA, paired or in-
dependent t-tests, and MANCOVA; behavioural outcomes were assessed 
through descriptive statistics, social network analysis, usage log analysis, or 
qualitative coding of questionnaire and interview data. Five studies relied so-
lely on thematic analysis (Van Horn 2024; Zhai et al. 2024; Shin et al. 2024; 
Jeon 2024; Ericsson et al. 2023(b)), applying either inductive or deductive 
coding frameworks to identify patterns in qualitative data such as interview 
transcripts or open-ended survey responses. Three studies used exclusively pa-
rametric statistics (Wang/Xue 2024; Shikun et al. 2024; Zhang et al. 2024), 
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combining within-group (paired t-tests) and between-group (ANCOVA) 
comparisons and focusing only on cognitive learning gains. The remaining 
six studies (Belda-Medina/Kokosková 2023; Kim et al. 2022; Li et al. 2020; 
Oraif 2024; Polakova/Klimova 2024; Shaikh et al. 2023) adopted other ap-
proaches, including descriptive statistics, language production metrics (e.g. 
lexical diversity indices), custom scoring rubrics, or frequency counts from 
usage logs, without formal inferential testing. None of the studies reported 
formal effect size statistics (e.g. Cohen’s d, η²), instead relying on statistical 
significance tests and descriptive reporting, which limits the interpretability 
of findings and their comparability for the purpose of a meta-analysis.

 
4.4 Theoretical Background
Theoretical frameworks across the sample varied considerably, reflecting 
evolving pedagogical and research priorities in language education. Whi-
le only one study adopted integrated approaches combining constructivist 
and sociocultural theory with situated learning (Zhai et al. 2024), 12 out 
of 37 aligned with one of three dominant orientations: interactionist SLA 
theories (N = 2) such as those put forward by Long (1996) and Mackey 
(2012), sociocultural perspectives by, e.g., Vygotsky (1978) and Engeström 
(1987) (N = 3), and frameworks from the psychology of language learning 
(N = 7), exemplified by Gibson (1986) and Reeve (2012). One study esca-
pes the aforementioned theories, falling within the acquisitional framework 
of connectivism in Technology-Enhanced Language Learning (TELL) 
(Duong/Suppasetseree 2024). Additionally, one study was left out of our 
classification since its underpinning theoretical framing, interactionist SLA, 
was only hinted at and not empirically tested (Yin/Satar 2020). Finally, 
a subset of studies (N = 5) focused on instructional strategies, evaluating 
how chatbot-mediated learning facilitates structured task completion and 
measurable performance outcomes, without a clear theoretical orientation.

Data source N. of  papers in 
the sample

Author(s)

Psychology 
of  LL 7

Bao 2019: Fryer et al. 2019; Jeon 2024; 
Jeon 2022; Wang/Xue 2024; Yang et al. 

2024; Zhang et al. 2024;
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SLA theories 5
Alrajhi 2024; Duong/Suppasetseree 2024; 

Ericsson/Johansson 2023; 
Fathi et al. 2024; Ji et al. 2024  

Teaching 
method 5

Chi-Jen et al. 2021;
Kim et al. 2021(a); Kim et al. 2022; 

Lee et al. 2024; Li et al. 2020; 

Multiple 1 Zhai et al. 2024 

Table 8. Distribution of studies by theoretical frameworks.

4.5 LLMs for Language Practice
The survey dataset reveals a notable divide in chatbot architectures, 
reflecting broader technological shifts within the field. From 2021 
onward, an increasing number of studies (N = 15) began integrating 
transformer-based architectures and large language models (LLMs) 
into language learning contexts (as much as 46.8% of the papers 
included in the sample from that date onwards). This trend marks 
a departure from earlier approaches that relied on rule-based or hy-
brid systems, and it highlights a growing interest in leveraging the 
conversational abilities and adaptive language generation of LLMs. 

Figure 2. Number of papers featuring LLM-based architecture by year.
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These systems were employed as either interlocutors or multipurpose tools, 
leveraging their generative capabilities to shift fluidly between free conver-
sation, which now prominently features also written tasks (N = 8), and 
linguistic support. In contrast, since 2021 thirteen studies have employed 
earlier or custom-built chatbots that did not feature LLM architectures, 
including AIML-based engines (e.g., Mitsuku), partially rule-based sy-
stems (e.g., Enskill), or unspecified natural language understanding mo-
dules that support more structured or domain-specific interaction. The 
plot in Figure 3 indicates a trend whereby students engage with LLMs 
across multiple sessions rather than in single-session interactions. Learning 
scenarios involving long-term exposure (i.e. longer than nine weeks) still 
do not appear to be frequent.

Figure 3. Association between chatbot role and architecture, and session length 
and chatbot architecture.

The adoption of LLM-based architectures appears to relate to a broader 
evaluative scope, as evidenced by their frequent association with multiple 
outcomes. More specifically, LLM-focused studies tend to embed language 
proficiency metrics within a wide range of learning indicators, including 
affective and cognitive measures. In contrast, studies based on non-LLM 
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systems are more prone to focusing exclusively on behavioural outcomes, 
such as engagement, participation, or task completion. 

Figure 4. Outcome type by chatbot architecture.

5. Discussion
The present review synthesised 37 recent studies exploring chatbot-media-
ted EFL learning, offering a structured account of learner profiles (Dimen-
sion I), chatbot intervention settings (Dimension II), outcome variables 
(Dimension III) and theoretical backgrounds (IV).

Starting with Dimension I, learner profiles highlight a strong pre-
ference for tertiary education settings targeting basic-to-independent 
proficiency levels, with no sessions featuring C1-C2 level learners alo-
ne. This tendency can be explained in terms of established traditions on 
the implementation of Computer-Assisted Language Learning (CALL), 
which is arguably the same driving force behind substantial investment 



36

Daniele Polizzi, Adriano Ferraresi, Silvia Bernardini, 
Cristiana Cervini, Maja Miličević Petrović, and Giada Palmieri

made by institutions located in Asia to test chatbots in the language clas-
sroom. Still, any observation concerning the type of learners involved 
in such interactions are hindered by a basic absence of learner-centred 
designs. Across the sample, reporting on learner characteristics is often 
fragmentary, the resulting overall approach being one that overlooks how 
individual differences – including cognitive and linguistic needs – inte-
raction dynamics, and contextual factors mediate the pedagogical value 
of chatbot-aided interaction. This absence risks running counter to the 
principles of Universal Design for Learning (CAST 2018), according to 
which education should accommodate learner variability and anticipate 
diverse learning trajectories from the outset. Evaluating chatbot systems 
with these considerations in mind appears to be a promising avenue for 
future research, as exemplified by initiatives such as the Inclusive and 
Accessible AI Chatbot Checklist (Raffi/Fedeli 2026), aiming to assess the 
extent to which chatbots support diverse needs while promoting meanin-
gful learning experiences and students’ engagement.

Dimension II points to a broad trend towards general-purpose con-
versational tutors, owing to the increasing availability of commercial sy-
stems trained to hold a conversation on an ever-increasing set of topics. 
This in turns expands their range of use cases, which encompass both 
in-class and out-of-class learning opportunities. Out-of-class interven-
tions, as the sampled studies suggest, might be preferred to supplement 
formal instruction, in flipped classroom models or as autonomous le-
arning tools, while in-class use lends itself to structured activities or 
teacher-guided tasks (cf. Chi-Jen/Husni 2021; Duong/Suppasetseree 
2024). Two observations are also worth making. On the one hand, these 
approaches conceive of conversation as consistently aligned with (indi-
vidual) spoken interactions, potentially overlooking modes of discourse 
production and understanding more typical of digital communication 
environments: text-based activities such as online exchanges, chats and 
instant messaging. On the other hand, evidence of longitudinal studies 
overcoming potential novelty effects to integrate chatbots in formal cur-
ricula still appears limited (N = 9), underscoring their role as adds-on 
rather than deployable classroom resources. This in turn might at least 
partially explain the greater interest on performance logs and recordings 
as reference metrics rather than actual language data. 
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As for Dimension III, outcomes of chatbots interactions for language 
learning are analysed through different lenses, resorting to a wide array of 
tools that reflect the fields’ exploratory character: most notably, surveys and 
questionnaires collecting students’ insights, and performance metrics or stan-
dardised tests. The results contribute to cementing chatbots’ role as effecti-
ve tools capable of accommodating students’ needs and fostering language 
practice through support and engagement. If one considers the way such 
outcomes are operationalised, however, there appears to be a dominant frame 
of peripheral psychological support or environmental convenience for the 
purpose of task completion, which risks limiting the focus on meaningful le-
arning through dialogues. While a subset of the papers does evaluate langua-
ge gains, almost exclusively when employing LLM-based architectures, these 
are typically limited to summative assessments of fluency and accuracy, with 
minimal analysis of the learning processes, interaction dynamics, or mutual 
affordances that arise during real-time use. Future research could extend our 
understanding of what chatbots can contribute to language development in 
practice and, recalling our discussion of Dimension I, focus on how different-
ly positioned learners experience and benefit from these interactions.

Dimension IV, theoretical background, shows the prevalence of either 
one of three approaches. Interactionist SLA theories position chatbots as 
conversational partners, simulating authentic L2 exchanges (featuring ne-
gotiations of meaning and corrective feedback). Studies grounded in so-
ciocultural theory view them instead as mediational tools within a broader 
system of teacher-student-AI interaction, emphasizing scaffolding and the 
social context of language development. Finally, affective and motivational 
constructs from psychology of language learning (including foreign langua-
ge anxiety, self-determination and interest development) frame chatbot-ai-
ded dialogue as an emotionally meaningful activity that shapes learner di-
sposition and willingness to communicate. A substantial subset of papers 
(N = 20) lacks any explicitly articulated theoretical foundation, reflecting 
a broader methodological tendency in which empirical evaluation precedes 
theoretical engagement, potentially limiting their interpretative rigor and 
analytical depth. Even in studies that do engage with theory, frameworks 
are typically applied in isolation, and a holistic approach to dialogue-based 
CALL appears to be missing. The surveyed studies rarely question how the 
model architecture shaped the learning experience in relation to dialogue 
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coherence, content accuracy, or pedagogical alignment. This oversight sug-
gests a broader trend in the field of AI-assisted language practice: while 
technological advancements are being rapidly adopted, their instructional 
affordances are often under-theorised, and the technology-pedagogy rela-
tionship remains insufficiently explored. 

The advent of LLM-based architectures, although captured at its ear-
liest stages, already signals a shift in chatbots’ usage, and especially at the 
level of Dimensions II and III. Their increased flexibility, paired with 
context-aware response generation, results in higher engagement with 
free conversation and task shifting, a comprehensive learning experience 
that encompasses spoken and written conversations as well as language 
feedback. This feature may not only reflect the expanded affordances of 
LLMs as conversational agents but also mirror a growing research inte-
rest in capturing the multidimensional nature of language learning within 
AI-mediated environments. The overall landscape, however, still reflects a 
transitional phase, with only partial adoption of high-exposure pedagogi-
cal designs and no investigation into the linguistic features of learner-cha-
tbot interactions (see the discussion on Dimension III).

6. Conclusions
The present review synthesised 37 recent empirical studies on dialo-
gue-based computer-assisted language learning, offering evidence of four 
intertwining dimensions that contribute to framing chatbots’ effective-
ness in terms of target learner population, underlying pedagogical fra-
meworks, modes and types of interaction and learning outcomes. Across 
learner profiles and educational settings, chatbots are most frequently 
positioned as supportive tools that lower affective barriers and facilitate 
language practice, yet their pedagogical value is rarely examined through 
learner-centred or interactionist lenses that account for individual lear-
ning trajectories and differences. Interaction itself is mostly restricted to 
spoken exchanges occurring in localised and underspecified instructional 
settings, benefitting an aggregate population of university-level students 
with low-to-intermediate L2 proficiency. While recent transformer-ba-
sed and large language model-powered architectures appear to expand 
the scope of chatbot use by enabling more flexible, multimodal dialogue, 
their adoption has so far been accompanied by only limited reconsi-
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deration of how interaction contributes to language development. As a 
result, effectiveness continues to be inferred primarily from engagement 
indicators, perceived usefulness or summative performance outcomes, 
while features inherent to interaction (such as the degree of comprehen-
sibility of input, the uptake of feedback, and the effects of negotiations 
of meaning) remain largely unobserved. 

Our review reveals that the field remains at a transitional stage, in whi-
ch technological innovation outpaces theoretical and pedagogical integra-
tion, and where the interactionist foundation that originally motivated 
dialogue-based CALL have yet to be fully operationalised in the evalua-
tion of chatbot-mediated language learning. Promising avenues for future 
research include longitudinal designs investigating gains beyond novelty 
effects, process-oriented analyses explicitly grounded in established SLA 
theories and exploring the affordances of human-computer interactions, 
product-oriented research examining the factors that enable successful in-
teractions and the strategies at play in human-chatbot and human-human 
exchanges, alongside more transparent reporting of learner variables that 
explicitly foreground accessibility and learner-centredness.
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Appendices

Appendix 1 – Learners' profile

Figure 5. Geographical distribution of selected studies.
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Participants’ age N. of  papers 
in the sample 

Author(s) 

Child 5 Kwon et al. 2023; Jeon 2024;  Jeon 
2022; Shin et al. 2024; Tai/Chen 2024

Early Teen 4
Ericsson/Johansson 2023; Ericsson et 

al. 2023(a); Ericsson et al. 2023(b); Yang 
et al. 2022

Late Teen 2 Yang et al. 2024; Ye et al. 2022

Young Adult 11

Alrajhi 2024; Çakmak. 2022; Duong/
Suppasetseree 2024; Fathi et al. 2024; 
Fryer et al. 2019; Kim et al. 2021(a); 

Lee et al. 2024; Oraif  2024; Polakova/
Klimova 2024; Shin/Lee 2024 ; Wang/

Xue 2024

Adult - Early 2 Ji et al. 2024; Yin/Satar 2020

Adult - Mid+ 2 Bao 2019; Shaikh et al. 2023

Unspecified 11

Belda-Medina/Calvo-Ferrer 2022; 
Belda-Medina/Kokosková 2023; Chi-
Jen/Husni 2021;  Johnson 2019; Kim 
et al. 2021(b); Kim et al. 2022; Li et al. 
2020; Shikun et al. 2024; Van Horn 

2024; Zhang et al. 2024

Table 10. Distribution of studies by participants’ age. Clusters are defined via 
midpoint approximation as follows: Child (10-12), Early Teen (13-15), Late Teen 
(16-19), Young Adult (20-24), Adult - Early (25-30), Adult - Mid+ (31-50). “Un-
specified” refers to studies that did not report such information explicitly.
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Appendix 2 – Intervention  

Overall exposure N. of papers 
in the sample

Author(s)

Single session 9 Alrajhi 2024; Ericsson et al. 2023(a); Ji 
et al 2024; Li et al. 2020; Oraif 2024; 

Shaikh et al. 2022; Shin/Lee 2022;  
Shin et al. 2024; Yang et al. 2022

Low exposure 13 Bao 2019; Belda-Medina/Calvo-Ferrer 
2022; Belda-Medina/Kokosková 2023; 

Chi-Jen/Husni 2021; Ericsson et al. 
2023(b); Johnson 2019; Lee et al. 20242; 
Polakova/Klimova 2024; Tai/Chen 2024; 

Wang/Xue 2024; Ye et al. 2022; Yin/
Satar 2020; Zhai et al. 2023;

Moderate exposure 6 Duong/Suppasetseree 2024; Jeon 2022; 
Kim et al. 2021(b); Kim et al. 2022; 
Yang et al. 2024; Zhang et al. 2024

High exposure 9 Çakmak 2022; Ericsson/Johansson 
2023: Fathi et al. 2024;  Fryer et al. 

2019;  Jeon 2024; Kim et al. 2021(a);  
Kwon et al. 2023; Shikun et al. 2024; 

Van Horn 2024

Table 11. Distribution of studies by chatbot exposure during the intervention. 
Exposure ranges were clustered based on weekly metrics as single sessions, low 
exposure (less than or equal to four weeks), moderate exposure (between five and 
eight weeks) and high exposure (more than nine weeks).

  

2  Chatbot intervention, including gap-filling exercises, spans 14 weeks but actual 
conversation is allocated a specific time, from week 11 to week 14 (hence making it 
3-weeks long).
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Setting N. of papers in 
the sample

Author(s)

In-class 22 Alrajhi 2024; Duong/Suppasetseree 
2024; Ericsson/Johansson 2023; 

Ericsson et al. 2023(a); Ericsson et al. 
2023(b); Fryer et al. 2019; Jeon 2024; 
Ji et al. 2024; Kim et al. 2021(a);  Kim 
et al. 2021(b); Kim et al. 2022; Kwon et 
al. 2023; Lee et al. 2024; Li et al. 2020; 
Shaikh et al. 2023; Shin/Lee 2024; Shin 
et al. 2024; Tai/Chen 2024; Van Horn 

2024; Wang/Xue 2024; Yang et al. 2022; 
Yang et al. 2024

Out-of-class 10 Bao 2019; Belda-Medina/Calvo-Ferrer 
2022; Belda-Medina/Kokosková 2023; 
Jeon 2022; Johnson 2019; Oraif 2024; 
Shikun et al. 2024; Ye et al. 2022; Yin/

Satar 2020; Zhang et al. 2024

In-class and 
out-of-class

4 Çakmak 2022; Chi-Jen/Husni 2021; 
Fathi et al. 2024; Polakova/Klimova 

2024

Unspecified 1 Zhai et al. 2024

Table 12. Distribution of studies by intervention setting. “Unspecified” refers to 
studies that do not report such information explicitly.
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Data source N. of papers in 
the sample

Author(s)

Logs 6 Ericsson/Johansson 2023; Jeon 2022; 
Johnson 2019; Kim et al. 2022; Kwon et 

al. 2023; Yang et al. 2022;

Recordings 5 Çakmak 2022; Ji et al. 2024; Kim et al. 
2021(a); Yang et al. 2024; Ye et al. 2022

Logs and recor-
dings

3 Chi-Jen/Husni 2021; Li et al. 2020; Yin/
Satar 2020

Logs and surveys/
interviews

4 Ericsson et al. 2023(b); Jeon 2024; Shin/
Lee 2024; Tai/Chen 2024

Other 3 Belda-Medina/Calvo-Ferrer 2022; Bel-
da-Medina/Kokosková 2023; Oraif 2024

None 16 Alrajhi 2024; Bao 2019; Duong/Suppaset-
seree 2024; Ericsson et al. 2023(a); Fathi 
et al. 2024; Fryer et al. 2019; Kim et al. 

2021(b); Lee et al. 2024;  Polakova/Klimo-
va 2024; Shaikh et al. 2023; Shikun et al.  
2024; Shin et al. 2024; Van Horn 2024; 

Wang/Xue 2024; Zhai et al. 2024; Zhang 
et al. 2024

Table 13. Distribution of studies by data sources. Category “Other” refers to re-
searcher’s observation, specifically notes and screenshots (N = 2) and structured 
observations (N = 1).
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Appendix 3 – Outcome Variables 

Short reference Results

Alrajhi 2024

behavioural = usability – high level of intelligibility in 
the chatbot’s responses, heightened levels of learners’ 
motivation; limited comprehension and inability to 

extend a conversation beyond a few changes

behavioural = utility – exposure to new lexical items; 
reported usefulness is possibly temporary;

Bao 2019

cognitive = linguistic competence – improvement in 
IELTS speaking scores

 
behavioural = usability – reduced anxiety scores (not 

statistically significant) and higher confidence

Belda-Medina/
Calvo-Ferrer 

2022

behavioural = utility – positive attitudes toward chatbot 
integration due to natural conversation (Replika) and 

lexical richness (Kuki); moderate interest in re-using them 
due to lack of corrections (Replika), predictability (Wysa) 

and poor sense of humour (Kuki).

Belda-Medina/
Kokosková 

2023

behavioural = usability – supportive environment, 
enhanced involvement through multimedia and 

interactive activities

behavioural = utility – immediate feedback; lack of 
adaptability to proficiency levels, occasional unrelated 

responses, imperfections in voice recognition

Çakmak 2022

cognitive = linguistic competence – increased performances

behavioural = usability – anxiety was higher when using 
the chatbot; negative attitude to virtual communication 

partners

Chi-Jen/Husni 
2021

cognitive = learning method – mind mapping leads to 
significantly higher scores in terms of speaking performance

behavioural = utility – more occurrences of offering ideas 
and giving effective responses
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Duong/
Suppasetseree 

2024

cognitive = linguistic competence – improvements in 
speaking accuracy and fluency in terms of grammar, 

vocabulary, and pronunciation

behavioural = utility – perceived impact of AI voice 
option on speaking skills

Ericsson/
Johansson 2023

behavioural = usability – sustained and engaging 
educational experience, with higher ratings for female and 

low-proficiency-level participants

behavioural = utility – convenient feedback, human-like 
interactions, flexibility; glitches and failure to understand 

strong accents

Ericsson et al. 
2023 (a)

behavioural = usability – average to very good overall 
speaking experiences, easy to speak, listen and understand 

chatbots, about 2/3 of students recognised humanised 
traits and could connect to the chatbot; some technical 

frustration

Ericsson et al. 
2023 (b)

behavioural = usability – learning method described as 
fun, easy, and safe; students show no awareness of how 

the task content relates to their own everyday lives; 
varying constraints and technical issues reported causing 

frustration.

Fathi et al. 2024

cognitive = linguistic competence – improved speaking 
fluency and coherence, lexicon, grammatical range and 

accuracy, pronunciation

behavioural = usability – significantly higher WTC scores; 
customisable, low-pressure environment

behavioural = utility – lack of human interaction and 
occasional irrelevant responses

Fryer et al. 2019
behavioural = usability – the qualitative experience of 
having “learned more” was strongly connected to task 

interest, even when reporting communication difficulties
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Jeon 2022

behavioural = usability – only ¼ of students used the app 
until the end of the experimental period (novelty effect); 
learners in the continuous group showed more enhanced 
BPN satisfaction than ones in the discontinuous group

Jeon 2024

behavioural = usability – interactive speaking and listening 
opportunities, authentic language use, self-regulation, 
reduced anxiety, judgment-free environment; no social 

interaction, less engagement and support

 behavioural = utility – immediate feedback; effectiveness 
varies depending on students’ proficiency and their ability to 

recognise chatbots’ pedagogical value; misrecognitions

Ji et al. 2024
behavioural = utility – collaboration with CAI facilitates 

learning activities, although the teachers still play a 
pivotal role

Johnson 2019

cognitive = linguistic competence – increase in production 
accuracy, listening comprehension, and conversational 

fluency

behavioural = usability – ease of use linked to completion 
rates and exchange rates per minutes over iterations

Kim et al. 2021 
(a)

cognitive = linguistic competence – intermediate-level 
students perform significantly better than low-level peers 

in intonation, fluency, and response tasks, but not in 
pronunciation.

 
behavioural = usability – comfortable, low-pressure 

environment; communication breakdowns and limitations 
in speech recognition.

 
behavioural = utility – perceived improvement in speaking 

skills

Kim et al. 2021 
(b)

cognitive = linguistic competence – improved speaking 
performance

 
behavioural = usability – higher motivation for AI-

speaking group
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Kim et al. 2022 behavioural = utility – potential to be a learning companion

Kwon et al. 
2023

cognitive = linguistic competence – higher writing 
proficiency

 
behavioural = usability – students mildly to moderately 
perceived the chatbot as useful and enjoyable, and felt 

comfortable in using it

Lee et al. 2024
behavioural = usability – chatbot tasks exert a strong 

effect on all facets of Global English awareness, especially 
confidence and intention.

Li et al. 2020

behavioural = usability – positive perceptions about user 
interface and learning style, reported ease of use

 
behavioural = utility – usefulness of repetitive practice, 

instant response

Oraif 2024 behavioural = usability – positive reactions on usefulness 
and ease of interaction

Polakova/
Klimova 2024

cognitive = linguistic competence – improvement in 
grammar and vocabulary (about 10/15%) at both 

intermediate and advanced levels
 

behavioural = usability – user-friendliness; technical issues 
mentioned

 
behavioural = utility – perceived usefulness; 79% of 
participants prefer other ways of practicing English

Shaikh et al. 
2023

behavioural = usability – perceived ease of use and 
satisfaction

 
behavioural = utility – perceived usefulness, ChatGPT can 
expand vocabulary and the accuracy of grammatical and 

syntactical structures
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Shikun et al. 
2024

cognitive = linguistic competence – improved 
pronunciation, tone, and intonation; improved fluency 

for intermediate-level students only

Shin/Lee 2024

behavioural = usability, utility – ChatGPT provides 
informative responses for learning, but the tone seemed 
too formal; Poe AI can be customised to meet different 

needs and suggest answers, but it seems verbose; Pi 
is the most human-like, but its settings are not very 

customisable.

Shin et al. 2024 behavioural = usability – chatbot-based tasks are well-
received by students

Tai/Chen 2024

cognitive = communicative competence – positive impact 
on learners’ ability to narrate, express opinions, and 

respond appropriately
 

behavioural = usability – supportive environment; 
complexity in language use and limited cooperation

 
behavioural = utility – coherent interaction on diverse topics, 

charismatic conversational style and human-like voice;

Van Horn 2024

behavioural = usability – high engagement, improved 
confidence and metacognitive awareness

 
behavioural = utility – collaboration and active 

participation

Yang et al. 2024

cognitive = linguistic competence – significant progress in 
overall speaking performance

 
behavioural = utility – students managed to articulate 

systematic judgments on their performance and develop 
planning strategies

Yang et al. 2022

behavioural = usability – overall positive experience, 
described as relaxed, fun and interesting

 
behavioural = utility – chatbots encouraged students to 
develop their conversation (avg. 9.63 turns), with a high 

task success rate (88.3% on average)
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Ye et al. 2022

cognitive = linguistic competence – chatbot use leads to 
improvements in grammar accuracy and pronunciation

 
behavioural = utility – more opportunities to speak 

English; greater interest in oral English and conversational 
awareness reported

Yin/Satar 2020

behavioural = usability – participants with lower 
proficiency found interacting with chatbots more relaxing 

(no judgement and more time to answer)
 

behavioural = utility – proficient learners expressed 
discontent with having to adjust their language to what 

can be understood by chatbots

Wang/Xue 2024 behavioural = usability – increase in academic engagement

Zhai et al. 2024

behavioural = usability – engaging and supportive 
learning experience: intercultural dimensions, user trust, 

anthropomorphism, reciprocal self-discourse, higher 
motivation

Zhang et al. 
2024

behavioural = usability – improvements in FLE and 
WTC, along with reduced FLA; non-judgmental 

environment, leading to low anxiety and high 
communicative confidence

Table 14. Summary of 37 studies reviewed – outcomes of chatbot intervention.
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Appendix 4 – LLMs for Language Practice 

Data source N. of papers in 
the sample

Author(s)

LLM featured 15 Belda-Medina/Calvo-Ferrer 2022; Belda-
Medina/Kokosková 2023; Çakmak 

2022; Chi-Jen/Husni 2021; Duong/
Suppasetseree 2024; Fathi et al. 2024; 
Kim et al. 2021(a); Kim et al. 2021(b); 
Polakova/Klimova 2024; Shaikh et al. 

2023; Shikun et al. 2024; Shin/Lee 2024; 
Thai/Chen 2024; Van Horn 2024; Wang/

Xue 2024

No LLMs 20 Alrajhi 2024; Bao 2019; Ericsson/
Johansson; Ericsson et al. 2023(a); 

Ericsson et al. 2023(b); Fathi et al. 2024; 
Fryer et al. 2019; Jeon 2024; Jeon 2022; 
Ji et al. 2024; Johnson 2019; Kim et al. 
2022; Kwon et al. 2023; Lee et al. 2024; 

Li et al. 2020; Oraif 2024; Shin et al. 
2024; Yang et al. 2022; Ye et al. 2022; 

Yin/Satar 2020; Zhai et al. 2024

Unspecified 2 Yang et al. 2024; Zhang et al. 2024

Table 15. Distribution of studies by featured chatbot architectures. “Unspecified” 
refers to cases where the information was neither explicitly reported in the study 
nor available from external resources.




