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Abstract

This study presents a comprehensive bibliometric review of robot-assisted language learning
(RALL) from 2003 to 2025, analyzing 439 publications from Web of Science, Scopus, PubMed, and
Dimensions. Using Biblioshiny and VOSviewer, we mapped publication patterns, citations,
keyword networks, and thematic evolution. Findings revealed steady growth peaking at 71
publications in 2023 before a slight decline in 2024, with China, the Netherlands and the United
States emerging as the leading contributors and most cited nations. Keyword clustering identified
four themes: educational robot, artificial intelligence, human-robot interaction and children.
Thematic evolution analysis revealed a shift from foundational research to a multidisciplinary
domain integrating Al, VR, IoT, and LLMs, emphasizing learner-centered designs. However,
research remains fragmented and technology-driven rather than grounded in pedagogical
frameworks. This review calls for bridging the gap between innovation and theory-grounded robot
design. Only through interdisciplinary collaboration and evidence-based practice can RALL fulfill
its transformative potential in language education.

Keywords: RALL; human-robot interaction; language learning; bibliometric analysis

1. Introduction

The integration of technology into language education has long served as a catalyst for
methodological innovation and pedagogical transformation. From early audio-lingual systems to
computer-assisted language learning (CALL) and mobile-assisted language learning (MALL),
technological advancements have continuously reshaped how languages are taught and learned. In
recent years, robot-assisted language learning (RALL) has gained increased popularity and visibility
as a dynamic frontier in this evolution, leveraging physical, socially interactive agents to create
immersive, responsive, and personalized learning environments. As educational robotics become
increasingly sophisticated and accessible, RALL now represents a significant domain within the
broader application of artificial intelligence (AI) and embodied technologies in education (Cheng et
al., 2018).

Compared to traditional, often passive modes of language instruction, RALL offers real-time
feedback, multimodal (verbal, gestural, visual) interaction, and adaptive scaffolding tailored to
individual learners’ needs — features that have been shown to enhance language learning across
diverse populations (Lee, 2022). By simulating human-like interaction, social robots can function as
tutors, peers, or companions, fostering engagement and reducing anxiety, particularly among young
learners and those with language difficulties. This shift toward interactive, learner-centered
pedagogy positions RALL at the intersection of linguistics, cognitive science, educational psychology,
and robotics.
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The theoretical underpinnings of RALL are rooted in several well-established frameworks. The
Sociocultural Theory (Vygotsky, 1978) emphasizes the role of social interaction in cognitive
development, particularly through the concept of the Zone of Proximal Development (ZPD). In this
context, robots act as mediators, providing scaffolding that enables learners to achieve linguistic
competence beyond what they could accomplish independently. Similarly, Constructivism (Bruner,
1996; Gogus, 2012) views language learning as an active, experiential process. Robots facilitate this
by enabling hands-on, interactive language practice. The Multimodal Communication Theory (Kress
& Leeuwen, 2001) further supports RALL by highlighting how meaning is constructed through
multiple semiotic resources. Robots integrate speech, gesture, facial expression, and movement to
enrich comprehension and expression, which can presumably enrich learners’ meaning-making
resources with increased engagement and real-world relevance to support diverse learning styles.
Finally, the Embodied Cognition Theory (Barsalou, 2010, 2020) suggests that language learning is not
solely a mental process; rather, our understanding of language and concepts is grounded in the
sensorimotor experience and interactions with the world. The physical interactions facilitated by
robots would thus help learners internalize language through embodied sensorimotor experiences.
These frameworks collectively demonstrate how the incorporation of social robots align with
principles of interaction, personalization, multimodality and embodied cognition to support effective
language acquisition.

RALL has been applied across age groups, including young children (Karakas Kurt & Giineyli,
2023; Nasihati Gilani et al., 2018; Tong et al., 2017), K-12 students (Chen Hsieh, 2024; Sapounidis et
al., 2024; Wang & Cheung, 2024), and adults (Deng et al., 2024; Iio et al., 2019), with a predominant
focus on vocabulary acquisition and speaking skills in second language (L2) contexts. Studies often
feature K-12 settings for English vocabulary learning involving small sample sizes and short-term
interventions, and benefits appear to generalize to L2 learning in adults (Deng et al., 2024).

A variety of robots assist language learning in different dimensions. Hybrid systems combine
robots to maximize functionality and address language education gaps in regions with teacher
shortages (Engwall & Lopes, 2022; Sin et al., 2022). Sin et al. (2022) developed a modular multi-robot
system where a NAO acted as a teacher and Zenbo Junior robots as assistants, enabling English
instruction without human teachers and illustrating scalability for resource-limited settings.
Moreover, empirical studies highlight that RALL enhances grammar (Herberg et al., 2015; Hyun et
al., 2008), vocabulary (van den Berghe et al., 2019, 2021), speaking (Alimardani et al., 2023; Kennedy
et al., 2016), with comparable benefits observed in individuals with aphasia (Linden et al., 2023).
Additionally, RALL also improves learner motivation and engagement (Derakhshan et al., 2024; van
den Berghe et al., 2019; Zhexenova et al., 2020), a well-established driver of Second language
acquisition (SLA) success (Dornyei, 1998, 2014). It is notable that meta-analytic findings confirm
RALL’s capacity to foster the affective factors via interactive, personalized experiences that yielded
measurable gains in vocabulary, reading, and grammar (van den Berghe et al., 2019). Furthermore,
robots further enable sophisticated behavioral monitoring and adaptive feedback (Chiang & Chen,
2023; Najima et al., 2021). Chiang & Chen (2023) used lag sequential analysis to confirm the
effectiveness of scaffolded learning.

Despite these notable benefits, RALL faces several challenges. Limitations in speech recognition
and natural language processing (NLP) hinder accurate understanding of non-native, accented, or
child-directed speech, often leading to interaction breakdowns (Veivo & Mutta, 2022). Additionally,
robots may also fail to grasp pragmatic language use, including cultural conventions, idioms or
sarcasm, and scripted interactions limit spontaneity, critical thinking, and creativity. Moreover, many
implementations prioritize technological feasibility over pedagogical depth, resulting in a disconnect
between innovation and theoretical grounding. Addressing these challenges requires evidence-based
synthesis of existing problems and collaborative efforts to design more adaptive and context-aware
robotic systems.

As the field rapidly evolves, fueled by advancements in Al, large language models (LLMs),
virtual reality (VR), and the Internet of Things (IoT), there is an urgent need for a comprehensive,
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evidence-based synthesis of RALL research. While systematic reviews and meta-analyses have
examined specific outcomes (e.g., efficacy, motivation), a bibliometric analysis offers a macro-level
perspective, mapping the intellectual structure, thematic evolution, and global research landscape of
the field. Such an analysis is still missing, which can reveal dominant trends, identify knowledge
gaps, expose theoretical imbalances, and highlight understudied populations.

This study addresses this gap by conducting a bibliometric review and visualization analysis of
RALL research from 2003 to July 12, 2025. Using data from Web of Science, Scopus, PubMed, and
Dimensions, we analyze publication trends, keyword co-occurrence, and thematic evolution to
answer five key questions: (1) What are the growth trend and citation patterns of articles in RALL
research? (2) Who are the most productive and influential (based on citation) authors? (3) Which
countries, institutions, and journals dominate the field? (4) What are the core research themes and
keyword clusters? (5) How has the thematic focus of RALL evolved over time? By synthesizing two
decades of research, this study aims to (1) provide a state-of-the-art overview of RALL, (2) identify
critical gaps and opportunities for innovation, and (3) issue a call to action for researchers to develop
theory-driven, equitable, and scalable RALL systems that bridge technological potential with
pedagogical rigor.

2. Methods

This bibliometric review was conducted following the systematic framework proposed by
Donthu et al. (2021) and updated guidelines by Oztiirk et al. (2024) to ensure methodological rigor,
reproducibility, and comprehensive coverage of RALL research domain. We employed a dual
approach by conducting descriptive (performance) analysis (total publications, author contribution,
and citation-related indicators) and science mapping (structural) analysis (co-occurrence of keywords
analysis, thematic evolution) to provide a holistic understanding of the intellectual, social, and
conceptual structure of RALL research from its inception to the present stage.

2.1. Search Strategy

To ensure broad and representative coverage of the RALL literature, a systematic search was
conducted across four major academic databases: Web of Science (WoS), Scopus, PubMed, and
Dimensions with records published up to July 12, 2025. These platforms were selected due to their
extensive indexing of peer-reviewed journals, conference proceedings, and interdisciplinary research
in education, linguistics, robotics, and Al The search used the Boolean string: (((“robot” OR
“robotics”) AND (“language learning” OR “speech training” OR “language education” OR
“pronunciation training”))), adapted to the syntax requirements of each database. To ensure
relevance, only journal articles, conference papers, review articles, pre-access, and editorial material
were included; letters, notes, books, meeting abstracts, retracted articles, and non-English
publications were excluded from further analysis. Initial searches yielded 928 records from WoS and
Scopus, 891 from PubMed, and 390 from Dimensions. All datasets were merged into a single master
using R (version 4.4.2) for subsequent processing and de-duplication (Lim et al., 2024).

2.2. Screening and Selection Process

A multi-stage screening protocol was implemented to ensure data quality and relevance.
Duplicate records were identified and removed using a three-step process. First, entries were
matched by DOI, the primary unique identifier. Second, for records without DOIs, title matching and
publication year comparison were performed. Third, a final manual verification was conducted in
Excel to resolve ambiguous cases (Lim et al., 2024).

After deduplication, two authors (Y. Zou and X. Z.) independently screened the remaining
records based on title, abstract, and full-text availability. Discrepancies were resolved through
discussion with their supervisor (B.C.). The inclusion criteria were specified as follows:
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e  Empirical or theoretical studies involving robots in language learning contexts.

e  Focus on second/foreign language learners or individuals with language disorders (e.g., aphasia,
autism).

e Document types: journal articles, conference papers, reviews, pre-access, editorials.

e  Published in English.

And the exclusion criteria included:

e  Retracted articles.

e  Non-research documents (e.g., letters, book chapters, corrections, meeting abstracts).

e  Studies where robots were used for non-linguistic purposes (e.g., math tutoring, social skills
without language focus).

e Insufficient information for eligibility assessment.

This process resulted in a final dataset of 439 publications included in the analysis.
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Figure 1. PRISMA-style flow diagram of study selection.

2.3. Data Extraction

Our extraction of the bibliometric information of each article included the following details:
authors, affiliations, article title, document type, journal name/conference names, abstract, authors
keywords, times cited, and cited references. All data were manually verified and corrected where
necessary to ensure accuracy. In cases where author keywords were missing, key terms were
extracted from the title, abstract, or full text to support keyword co-occurrence analysis (Donthu et
al., 2021; Liu et al., 2019).

2.4. Data Analysis

The analysis was conducted in two complementary phases: descriptive (performance) analysis
and science mapping (visualization) analysis (Donthu et al., 2021). Using the Bibliometrix R package
(version 4.2) (Aria & Cuccurullo, 2017), we conducted performance analysis to examine:

e Annual publication trends and growth rate

e  Most cited and productive authors

e Leading countries

e  Top publishing and citing journals/conferences

e  Average citations per document and document age
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We used local citations (citations from other documents within our dataset) as an indicator of
influence within the RALL research community.

To uncover the intellectual structure and thematic evolution of the field, we employed Keyword
Co-occurrence Analysis using VOSviewer (version 1.6.20) (van Eck & Waltman, 2010) and Thematic
Evolution Analysis using Biblioshiny.

In the co-occurrence analysis, only author-provided keywords were used. Terms appearing at
least five times were included to ensure statistical robustness. A thesaurus file was created to unify
synonymous or variant terms (e.g., “robot-assisted language learning” was merged under “RALL”;
“robots” and “robotics” — “robot”). Clusters were generated using the modularity-based clustering
algorithm in VOSviewer, with visualization based on co-occurrence strength and network density.

For thematic evolution, Biblioshiny was used to map how research topics have shifted over time.
The timeline was divided into four phases based on publication volume and technological milestones:
(1) 2003-2009: Foundational period, (2) 2010-2018: Expansion and diversification, (3) 2019-2022:
Integration of AI and VR. And (4) 2023-2025: Specialization and learner-centered design. This
allowed us to trace the emergence, decline, and transformation of key themes such as human-robot
interaction, artificial intelligence, and clinical applications.

3. Results

Based on the above bibliometric analysis, we report the results in this section following the
guidelines proposed by Lim & Kumar (2024). The earliest article meeting the inclusion criteria was
published in 2003, and the literature search with updating from the databases extended the latest
date up to July 12, 2025. The annual growth rate was 17.39%, the average age of documents was 5.01
years, and mean citations per document reached 12.49. 17.08% of the documents involved
international collaboration. The performance and structural analysis results provide a comprehensive
overview of the field’s growth, intellectual structure, and evolving thematic priorities.

3.1. Descriptive Results

Our study involves identifying and evaluating publications through a detailed descriptive
analysis, focusing on the annual publication growth rate, mean citations per publication and
collaboration. Descriptive analyses were performed using Biblioshiny to ensure robust sensitivity
testing.

3.1.1. Publication Trends Over Time

Asillustrated in Figure 2, RALL research has grown steadily since its inception in 2003, reflecting
increasing scholarly interest in the intersection of robotics and language education. The number of
annual publications rose gradually from 2003 to 2019, with a marked acceleration between 2020 and
2023. Output peaked in 2023 with 71 publications, representing a significant milestone in the field’s
development. However, a notable decline occurred in 2024, with 53 publications, suggesting a shift
from rapid expansion to a phase of consolidation and refinement.

3.1.2. Most Cited Articles

Citation analysis reveals the foundational works that have shaped the RALL field. As shown in
Table 1, the most cited article is “Social Robots for Language Learning: A Review” by Rianne van den
Berghe, published in Review of Educational Research. This article has received 75 local citations and 205
global citations, making it the most impactful work in the field. This seminal review synthesized
evidence on the effectiveness of social robots in language learning across age groups and contexts,
establishing a benchmark for empirical and theoretical rigor. It is followed closely by “On the
effectiveness of Robot-Assisted Language Learning”, published in ReCALL by Sungjin Lee et al. This
early study reported that interactive robots enhanced elementary students’ speaking skills,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.1930.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 October 2025

d0i:10.20944/preprints202510.1930.v1

6 of 18

motivation, confidence, and interest in language learning, despite no significant gains in listening.

These two articles stand out as foundational contributions to RALL research.

Annual Scientific Production

60

ﬁ 40
3}
2
<C

20

0

2003 2005 2007 2009 2011 2013 2015 2017 2019 2021 2023 2025.7
Year
Figure 2. Annual Scientific Output in RALL (2003-2025.7).
Table 1. Most cited articles.

Rank Documents Local Citations  Global Citations
1 VAN D B R, 2019, REV EDUC RES 75 205
2 LEES, 2011, RECALL 43 113
3 ALEMI M, 2015. INTJ] SOC ROBOT 35 124
4 BELPAEME T. 2018, INT ] SOC ROBOT 33 89
5 VOGT P, 2017.FRONT HUM NEUROSC! 28 89
6 ENGWALL O.2021.INTJ SOC ROBOT 18 35
7 KORY-WESTLUND J, 2019, FRONT ROBOT Al 11 80
8 ALEMI M, 2020, LANG LEARN TECHNOL 11 32
9 DE HAAS M, 2020, FRONT ROBOT Al 11 29
10 CHENGY, 2018, COMPUT EDUC 10 86

3.1.3. Most Productive and Influential Authors

Among 1,119 authors, Chen N. emerges as the most productive scholar with 20 publications,
followed by Sandygulova A. (16) and DE H M. (13) as shown in Table 2. These researchers have
contributed extensively to the design, implementation, and evaluation of RALL systems, particularly

in K-12 and EFL contexts.

In terms of citation impact, VAN D B R is the most influential author with 120 local citations,

reflecting her pivotal role in synthesizing and advancing the field. She is closely followed by
Oudgenoeg-Paz O. and Verhagen J., each with 115 local citations, both of whom have focused on

cognitive and developmental aspects of child-robot interaction.
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Table 2. Most productive and influential authors.
Rank Author N Rank Author Citation
1 CHEN N 20 1 VANDBR 120
2 SANDYGULOVA A 16 2 OUDGENOEG-PAZ O 115
3 DEHM 13 3 VERHAGEN ] 115
4 ROHLFING K 12 4 LESEMAN P 82
5 ALEMIM 11 5 DE HAASM 79
6 CANGELOSI A 11 6 KRAHMER E 79
7 ENGWALL O 11 7 VOGT P 79
8 ORALBAYEVA N 11 8 VANDVS 75
9 VOGT P 11 9 ALEMIM 46
10 VANDBR 10 10 KIMM 43

3.1.4. Most Productive and Influential Countries

Table 3 presents the top 10 most productive countries in the RALL field according to the
corresponding authors and most cited countries. Among these, China leads in terms of publication
output (80), followed by Netherland (27), the USA (27), and Japan (24). Chinese research is often
institutionally supported and focused on K-12 English education, reflecting national priorities in
multilingualism and technological integration.

In terms of citation impact, China ranks first (946 local citations), followed by the Netherlands
(924), and the USA (709). Despite lower output, Dutch research exerts disproportionate influence,
largely due to the L2TOR project, a multi-institutional, EU-funded initiative that has produced high-
impact studies on social robots in early language learning.

Table 3. Most productive and influential countries.

Rank Country Publications Rank Country Citations
1 China 80 (18.2%) 1 China 946 (11.8%)
2 Netherlands 27 (6.1%) 2 Netherlands 924 (34.2%)
3 USA 27 (6.1%) 3 USA 709 (26.3%)
4 Japan 24 (5.5%) 4 Iran 457 (30.5%)
5 Germany 21 (4.8%) 5 Japan 230 (9.6%)
6 Kazakhstan 17 (3.9%) 6 Korea 219 (15.6%)
7 Sweden 16 (3.6%) 7 UK 216 (15.4%)
8 Iran 15 (3.4%) 8 Turkey 200 (25%)
9 Korea 14 (3.2%) 9 Sweden 181 (11.3%)
10 UK 14 (3.2%) 10 Germany 167 (8%)

3.1.5. Most Productive and Influential Journals and Conferences

Table 4 presents the most productive and most cited sources. The journals, Computer Assisted
Language Learning and Frontiers in Robotics and Al, each published 11 RALL-related articles between
2003 and 2025. In terms of citation impact, the ACMIEEE International Conference on Human-Robot
Interaction ranks first among locally cited sources with 413 citations, followed by the International
Journal of Social Robotics (263) and Computers & Education (220). These journals and conferences reflect
the interdisciplinary nature of RALL, bridging education, linguistics, computer science, and robotics.
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Table 4. Most productive and influential journals and conferences.
Rank Relevant Source N Rank Cited Source N
COMPUTER-ASSISTED
1 LANGUAGE LEARNING 11 1 ACMIEEE INT CONF HUM 413
2 FRONTIERS IN ROBOTICS AND AI 11 2 INT J SOC ROBOT 263
LECTURE NOTES IN COMPUTER
3 SCIENCE 10 3 COMPUT EDUC 220
INTERNATIONAL JOURNAL OF
4 SOCIAL ROBOTICS 9 4 COMPUT ASSIST LANGL 167
ACM/IEEE INTERNATIONAL
5 CONFERENCE ON HUMAN- 8 5 EDUC TECHNOL SOC 159
ROBOT INTERACTION
6 FRONTIERS IN NEUROROBOTICS 6 6 INTERACT LEARN ENVIR 127
7 FRONTIERS IN PSYCHOLOGY 6 7 REV EDUC RES 121
HRI'20: COMPANION OF THE 2020
ACM/IEEE INTERNATIONAL
8 CONFERENCE ON HUMAN- 6 8 LECT NOTES ARTIF INT 100
ROBOT INTERACTION
COMMUNICATIONS IN
9 COMPUTER AND INFORMATION 5 9 FRONT ROBOT AI 94
SCIENCE
INTERACTIVE LEARNING
10 ENVIRONMENTS 5 10 IEEE ROMAN 94

3.2. Scientific Mapping Analysis

Scientific mapping involves visualizing, analyzing, and modeling scientific and technical
activities to uncover patterns and trends within a research domain. In this section, we examine the
frequency of authors keyword usage in research articles using VOSviewer for network visualization.
In addition, we conducted thematic evolution analysis through Biblioshiny to demonstrate the
developmental trends.

3.2.1. Keywords Co-Occurrence Analysis

A keyword co-occurrence network was generated from author-provided keywords, filtered to
include terms appearing at least 5 times. After merging synonyms, 59 keywords were analyzed,
resulting in a network of 49 nodes after removing overly broad terms (e.g., “robot,” “language”). The
analysis identified four distinct thematic clusters, visualized in Figure 3 and summarized in Table 5
using VOSviewer’s modularity-based clustering algorithm.

Cluster 1: Pedagogical Design and Learner Experience (Red)

Centered on “educational robot”, this cluster emphasizes instructional methodologies such as
“game-based,” “task-based,” “loT-based learning”, and “collaborative learning.” Keywords like
“anxiety,” “attitude,” and “motivation” highlight the affective dimension of language learning. The
presence of “EFL learners” and “CFL learners” indicates a strong focus on English and Chinese as
foreign languages. This cluster reflects a learner-centered, constructivist approach to RALL.

Cluster 2: Technological Infrastructure and Al Integration (Green)

Anchored by “artificial intelligence”, this cluster includes machine learning, “virtual reality,”

a

“CALL”, “augmented reality,” “speech training,” and “large language models.” The integration of
“virtual reality” and “computational thinking” signals a shift toward immersive, data-driven, and
adaptive systems. Keywords like “hearing impairment” and “sign language” point to inclusive

applications in special education.
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Table 5. Co-occurrence of authors keywords.

Authors keyword Occurrence Total link strength Authors keyword Occurrence Total link strength
Co-occurrence keywords cluster 1: Co-occurrence keywords cluster 3:
educational robot 44 67 human-robot interaction 101 120
EFL learners 19 28 L2 learning 34 54
game-based 14 26 embodiment 15 15
vocabulary 11 28 motivation 14 22
anxiety 10 21 robot tutor 13 28
CFL learners 8 4 engagement 12 25
Iot-based learning 8 7 speech recognition 11 16
attitude 7 18 developmental robotics 9 7
task-based 7 18 telepresence robot 9 16
collaborative learning 6 15 foreign language learning 7 8
mobile robot 6 11 distance learning 5 5
computational thinking 5 10 feedback 5 12
interdisciplinary learning 5 10
Co-occurrence keywords cluster 2: Co-occurrence keywords cluster 4:
artificial intelligence 27 23 children 39 66
CALL 18 23 humanoid robot 38 63
virtual reality 16 21 interaction 16 30
English 15 25 Multi-modal learning 14 26
machine learning 15 7 storytelling 12 17
speech training 13 23 conversation 10 18
communication 6 10 teaching assistant 10 17
human-computer interaction 6 11 classroom 8 16
meta-analysis 6 8 foreign language education 8 11
sign language 6 11 autism 6 7
augmented reality 5 9 companion 6 12
hearing impairment 5 6
large language model 5 7
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Cluster 3: Human-Robot Interaction and Cognitive Engagement (Blue)
The dominant keyword for this cluster is “human-robot interaction”. This cluster integrates “L2
learning,” “

7 VZTi

embodiment,” “engagement,” “motivation,” and “feedback.” The presence of “robot

i

tutor,” “telepresence robot,” and “distance learning” underscores the social and relational role of
robots. This cluster aligns with sociocultural and embodied cognition theories, emphasizing
interaction as a driver of language acquisition.

Cluster 4: Learner Demographics and Contextual Applications (Yellow)

Cluster 4 addresses learner-centered and contextual elements of RALL. Centered on “children”

and “humanoid robot”, this cluster highlights the developmental focus of RALL. Keywords such as

e 7o

“storytelling,” “conversation,” “classroom,” and “teaching assistant” reflect the use of robots in early
childhood and K-12 education. The inclusion of “autism” and “companion” suggests growing

interest in therapeutic and emotional support roles, though still limited in scope.

developmeg@tal robotics
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storytelling robg@ftutor
9
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artificial “Ilgence ) g
! an
vocabulary @ engag@ment o\
english
machingfearning task+based
meta-apalysis : interdisciplinary learning
h v 4 . \
uman-compuier interaction = educaw| robot

virtuglffeality Somiset

mobif@robot

sign ladiguage collaborative learning iot-basedilearning

hearing in#pairment
large langulage model
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Figure 3. Keywords Co-occurrence Network in RALL Research.

3.2.2. Thematic Evolution Analysis

The thematic evolution of RALL over the past two decades, as depicted in Figure 4, reveals a
dynamic progression from foundational explorations to increasingly sophisticated and specialized
application, driven by technological advancements and evolving educational needs. The timeline is
segmented into four distinct periods: 2003-2009, 2010-2018, 2019-2022, 2022-12 July 2025.

In the initial phase, RALL focused on foundational themes such as “language learning” and
“teaching assistant,” exploring robots as tools to enhance language learning. “Machine learning”
emerged as a core theme, indicating an early interest in leveraging Al technique to adapt robotic
system. Between 2008 and 2018, the scope broadened to emphasize “L2 learning,” with keywords
like “CALL,” “developmental robotics,” “embodiment” and “educational robot” highlight the
increasing attention language learning. “Machine learning” persisted as a key enabler of adaptive
robotic behaviors. From 2019 to 2022, researches shifted toward Al-driven personalization and

v

psychological engagement, integrating “artificial intelligence,” “virtual reality” and “human-

computer interaction” for immersive, individualized learning. Keywords such as “anxiety” and
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“embodiment” signaled attention to affective and cognitive dimensions. The last phase (2023-2025.07)
reflects diversification toward specialized populations (e.g. children, autism) and adoption of IoT-
based and multimodal systems, along side “storytelling-based pedagogy.” This phase underscores
scalability, equity and other ethical considerations in Al-driven robots and hybrid learning

approaches.
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Figure 4. Thematic evolution.

4. Discussion

This bibliometric analysis provides the first comprehensive mapping of the intellectual,
thematic, and institutional landscape of Robot-Assisted Language Learning (RALL) from 2003 to July
12, 2025. Drawing on 439 publications across four major databases, our study synthesizes two
decades of research to trace the evolution of RALL from an experimental educational tool into a
multidisciplinary field at the intersection of Al, robotics, cognitive science, and language pedagogy.
The results reveal a field experiencing robust growth, marked by technological innovation and
increasing learner-centered design, yet constrained by a persistent gap between technological
capability and theoretical grounding. This discussion interprets the findings through three
interconnected lenses: (1) publication trends and global research dynamics, (2) thematic evolution
and conceptual structure, (3) challenges and future directions, culminating in a call to action for the
next phase of RALL research, and (4) limitations of this study.

4.1. Global Research Dynamics: Productivity, Influence, and Collaboration

The publication trend analysis reveals a clear upward trajectory in RALL research, with a peak
of 71 publications in 2023 followed by a decline to 53 in 2024. This pattern likely reflects a post-
pandemic research surge, as institutions accelerated projects initiated during the shift to remote and
hybrid learning. The integration of LLMs, VR, and IoT-based systems around this period created
fertile ground for innovation, enabling more adaptive, immersive, and scalable robotic applications.

Geographically, China leads in publication output (80 articles), signaling strong national
investment in educational technology and foreign language education. The United States is also a key
player in both productivity and citation impact, reflecting its leadership in Al, robotics, and
educational innovation. However, the Netherlands exerts disproportionate scholarly influence, with
its research generating 924 local citations, second only to China but achieved with less than half the
output. This influence is largely attributable to the L2ZTOR project, a landmark EU-funded initiative
that established a robust framework for social robots in early second language acquisition, generating
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high-impact studies on interactive, engagement-driven learning environments (Belpaeme, Kennedy,
et al., 2018; Kanero et al., 2018; van den Berghe et al., 2019; Vogt et al., 2019). Thus, despite the
dominance of China and the USA in the quantity of publications, the scholars in the Netherlands
have made a distinctive impact by producing work that significantly shapes the global research
agenda on RALL, especially the discourse around the pedagogical role of robots in language
acquisition.

It is worth noting that international collaboration remains limited (17.08%), suggesting
fragmented research communities and missed opportunities for cross-cultural validation of RALL
systems. Future efforts should prioritize global research networks to ensure that RALL solutions are
culturally responsive, linguistically diverse, and equitably accessible.

4.2. Thematic Evolution: From Technological Experimentation to Learner-Centered Integration

The field of RALL has evolved from early experiments with robots as novelties to
multidisciplinary domain grounded in pedagogical innovation and socio-cognitive theory. Our
keyword co-occurrence and thematic evolution analyses reveal a four-cluster conceptual structure
that maps the core dimensions of RALL:

e Pedagogical Design and Instructional Methodologies (e.g., game-based learning, task-based,
EFL/CFL learners)

¢  Al-Driven Technological Infrastructure (e.g., artificial intelligence, VR, LLMs, machine learning)

e  Human-Robot Interaction and Cognitive Engagement (e.g., embodiment, motivation, feedback, L2
learning)

e Learner Contexts and Developmental Applications (e.g., children, humanoid robot, storytelling,
autism)

These clusters reflect a maturation of the field: from robots as “teaching assistants” to socially
responsive agents embedded in complex learning ecosystems. The prominence of “human-robot
interaction” and “embodiment” underscores a growing recognition of the socio-cognitive and
affective factors, aligning with Sociocultural Theory (Vygotsky, 1978) and Embodied Cognition
(Barsalou, 2010). However, while technological innovation has accelerated, the integration of SLA
theory into robot design remains inconsistent, creating a critical gap between capability and
pedagogical efficacy.

Educational Robots as Theoretically Grounded Scaffolding Agents

Educational robots’ true potential lies in their capacity to operationalize foundational SLA
theories. When designed with constructivist and sociocultural principles, robots can scaffold learners
through their ZPD (Vygotsky, 1978). Chen & Chang (2009) pioneered a task-based language teaching
(TBLT) model integrated with robotic assistance, creating a role-playing game where students
interacted with a robot to complete communicative tasks. This approach not only increased
engagement but also reduced anxiety and boredom—two well-documented affective filters in
language learning (Krashen, 1982). More recently, Cheng et al. (2024) advanced this model by
developing an innovative R & T (Robot and Tangible objects) system combining humanoid robots
with IoT-based physical objects to create immersive, game-based language environments, yielding a
16% vocabulary gain and fewer learning obstacles, consistent with Embodied Cognition Theory
(Barsalou, 2010), which posits that sensorimotor experiences deepen linguistic understanding. The
success of the R&T system illustrates how physical interaction with objects, mediated by a robot, can
make abstract language concepts concrete and memorable.

Technological Integration: Al, VR, and the Future of Immersive Learning

The second cluster reflects technological advancements in Al education (Chen et al., 2022;
Jaleniauskiené et al., 2023), CALL integration (Banaeian & Gilanlioglu, 2021; Khalifa et al., 2016), and
VR implementation (Bottega et al., 2023; Chen et al., 2022), addressing long-standing challenges in
language education, such as limited exposure to authentic contexts and insufficient opportunities for
interactive practice. Chen et al. (2022) integrated VR with a physical robot in an English tour guide
training program, where VR provided contextual immersion and the robot offered real-time
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conversation, improving speaking and vocabulary while managing cognitive load. These trends
point toward increasingly adaptive and engaging environments, though they require Al model
trained on diverse learner data (e.g., child speech, accented language) to avoid interaction
breakdowns (Veivo & Mutta, 2022).

Human-Robot Interaction: Embodiment, Motivation, and Social Scaffolding

The prominence of “human-robot interaction” as the most central keyword cluster underscores
language’s social nature. This aligns with Sociocultural Theory, which emphasizes learning through
social mediation (Vygotsky, 1978). Projects like L2ZTOR, which was designed to support preschool
children in learning a second language through interactions with a peer tutor social robot, responding
to gaze, gesture, and speech to replicate human tutoring dynamics (Belpaeme, Vogt, et al., 2018). This
project not only demonstrated the feasibility of robot tutors but also set a high standard for
pedagogically informed robot design. Telepresence robots and research on distance learning
(Jakonen & Jauni, 2024) further extends such benefits to remote contexts, providing physical presence
and interaction opportunities where resources are scarce.

Children and Clinical Populations: Toward Inclusive and Specialized Applications

Children are the dominant demographic in RALL research, with “children” and “humanoid
robot” forming a central cluster. This focus is justified by the robot’s ability to create playful,
emotionally supportive environments that resonate with young learners. Chiang & Chen (2023)
found multimodal scaffolding (speech, gestures, and visual cues) more effective than unimodal
instruction, supporting multimodal communication theory (Kress & Leeuwen, 2001). For learners
with special needs, the potential is even more profound. Alemi et al. (2015) demonstrated NAO’s
effectiveness in teaching English to children with autism, offering predictability, reduced anxiety,
and consistent feedback. Despite potential for therapeutic contexts such as aphasia rehabilitation
(Linden et al., 2023), clinical applications remain underexplored, with minimal representation in the
literature.

From Technological Affordances to Theoretically Grounded Design

RALL’s evolution toward technology-integrated, learner-centered environments, such as VR-
robot hybrids (Chen et al., 2022) and loT-based tangible systems (Cheng et al., 2024), enhances
engagement and supports cognitive load management. However, much of this diversification stems
from technological possibilities rather than pedagogical priorities. Foundational frameworks like
Constructivism and Scaffolding theory are seldom operationalized in robot design or empirically
evaluated, as reflected by the absence of “ZPD,” “scaffolding,” or “constructivism” in keywords
analysis.

This gap is further evident in the short-term, small-sample nature of most RALL interventions,
limiting insights into long-term language gains and real-world transfers. Advancing the field requires
integrating SLA theory into robot design, developing adaptive frameworks responsive to learners’
cognitive and emotional states, and standardizing evaluation of both linguistic and social-emotional
outcomes. Such systematic integration would align robotic capabilities with established pedagogical
paradigms, ensuring innovation serves core educational objectives.

4.3. Challenges and Future Directions: Toward a More Equitable and Inclusive RALL

Despite its promise, RALL faces significant technical, pedagogical and ethical obstacles that
constrain implementation across diverse educational contexts. First, speech recognition and NLP
limitations hinder accurate understanding of child-directed speech, accented language, and
developmental variations, causing interaction breakdowns and disengagement, especially among
vulnerable populations. Second, over-reliance on humanoid robots and pre-programmed scripts
further limits spontaneity and creativity, as robots lack sensitivity to pragmatic, cultural, and
emotional nuances critical for authentic communication. Third, equity and accessibility remain major
concerns due to high costs and infrastructure demands, restricting access to well-resourced
institutions, leaving low-income and rural communities behind. Hybrid systems (e.g., telepresence
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robots) and modular designs (Sin et al., 2022) offer promising pathways to scalability, but widespread
adoption requires policy support and open-source innovation.

The future trajectory of RALL research demonstrates promising developments as the
educational market is expected to expand (Hardman & Co. (n.d.), 2021). First, establishing optimal
integration between robotic assistance and authentic human communication represents a critical
research priority. Additionally, material enrichment must be systematically assessed, and
longitudinal studies are needed to evaluate the sustained benefits of robot-mediated instruction
versus human-centered approach. Most strikingly, clinical applications remain underdeveloped,
with limited work on language rehabilitation for aphasia (Linden et al., 2023) and support for
children with autism (Alemi et al., 2015). This gap represents a missed opportunity to leverage
robotics for inclusive, therapeutic education.

4.4. A Call to Action: Bridging the Gap Between Innovation and Impact

The future of RALL depends on bridging the divide between technological possibility and
pedagogical purpose. To this end, we issue a five-point call to action for the research community:
(1) Develop Theory-Driven Robot Design: Integrate established SLA and cognitive theories (e.g.,

ZPD, scaffolding, multimodal learning) into the architecture of robotic systems, ensuring that

interactions are not just engaging but cognitively and linguistically meaningful.

(2) Conduct Longitudinal and Comparative Studies: Move beyond short-term interventions to
assess long-term language retention, skill transfer, and socio-emotional outcomes. Compare
RALL with human instruction and other digital tools (e.g., Al chatbots, VR-only systems) to
establish its unique value.

(3) Expand to Clinical and Special Education Contexts: Prioritize research on RALL for
individuals with aphasia, autism, developmental language disorders, and hearing
impairments, in collaboration with speech-language pathologists and special educators.

(4) Enhance Equity and Global Relevance: Design low-cost, adaptable systems for low-resource
settings. Ensure multilingual and multicultural adaptability to avoid technological colonialism
and promote inclusive innovation.

(5) Establish Ethical and Evaluation Frameworks: Develop standardized metrics for assessing
RALL effectiveness, including learner autonomy, social interaction quality, and emotional

well-being. Address risks of over-reliance and ensure human oversight in educational robotics.

4.5. Limitations of This Study

Our bibliometric study has several limitations that warrant further consideration. First, our
search was limited to English-language peer-reviewed articles excluded dissertations, non-peer-
reviewed works, and publications in other languages, limiting global coverage. Second, we did not
compare RALL with other educational technologies such as Al or VR, which could clarify RALL’s
unique contributions and foster cross-disciplinary collaboration. Third, interactions with broader
priorities (STEM integration, multilingualism, and digital literacy) remain underexplored.
Additionally, equity concerns persist regarding diversity, affordability, and accessibility, especially
in less advanced regions. Finally, while large nations like China and the USA dominate output,
examining smaller countries contribution and cross-border collaborations could reveal how diverse
contexts, despite disparities, advance RALL innovation and promote inclusive global adoption.

5. Conclusions

This study provided a comprehensive bibliometric analysis of 439 RALL studies from WoS,
Scopus, Dimension, and PubMed databases, mapping publication trends, research hotspots, and
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thematic evolution. Four primary themes have been identified: “educational robot,” “artificial
intelligence,” “human-robot interaction,” and “children.” The RALL field has progresses from
fundamental and exploratory language learning to more sophisticated and technology-integrated
(e.g. VR, LLMs, and IoT etc.), and learner-centered approaches targeting diverse populations. Our
study confirms that RALL has evolved from a niche technological curiosity into a vibrant,
interdisciplinary field with transformative potential. However, development has been technology-
driven rather than pedagogy-centers. To fulfill its promise, RALL must prioritize educational equity,
cognitive depth, and human connection through theory-informed design, robust frameworks, and

longitudinal research on learning outcomes and cognitive impacts.
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