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Abstract

The review systematically analyzes Al-disruptive change in language education by considering multilingual
settings, large language models, and new implications. After integrating the findings of 161 studies from 2015 to
2024, the review relies on the PRISMA framework to analyze progress and gaps regarding Al use tools, ethical
considerations, and pedagogical integration. The findings indicated that Al technologies—conversational agents,
speech recognition systems, and writing assistants—help in language learning by reducing learner anxiety, giving
pronunciation support, and providing feedback in real time. LLMs such as Aya and LLaMA display scalable
multilingual capabilities, with high variations in performance, mostly against low-resourced languages; these
languages, however, are still underrepresented in datasets and evaluations. Ethical considerations around cultural
biases, gender stereotyping of LLM outputs, and getting too reliant on automated tools emphasize the pressing
need for appropriate governance frameworks. The pedagogical implications with mobile learning and
gamification are promising but often lean towards accessibility, lacking the depth needed and thus worsening
infrastructure inequalities in Africa and Eastern Europe. Other critical gaps identified include (1) little
investigation into marginal languages, (2) lack of longitudinal studies on Al's educational impacts, and (3)
neglecting socio-emotional issues as to whether Al may erode human interaction.
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Introduction

The immediate acquisition, practice, and assessment of learners' linguistic performance
through the use of artificial intelligence (Al) tools have significantly augmented the language
learning process (Chen et al., 2020, 2022¢). Whereas, over the past ten years, Al has changed
from rule-based to large language models (LLMs) capable of changing how we render
instruction toward personalized, scalable, and inclusive learning (Sonawane et al., 2023;
Buckland, 2017). In dealing with the age-old barriers of resource availability, the psychological
stress experienced by some learners during learning, and the assistance needed for languages
of lesser use (Rohmiyati, 2025; Sasikala & Ravichandran, 2024), these paradigm shifts have
taken place. The review synthesizes 177 studies published between 2015 and 2024 on the
development of AI applications in language tools, multilingual applications, ethical
implications, and educational integration.

From theoretical frameworks to cognitive architectures and platforms such as GPT-4 (Bojic
et al., 2023; Bubeck et al., 2024; Chinonso et al., 2023) and Aya (Singh et al., 2024), Al finds
its application. Fastened progress using neural networks and transformers (Brown et al., 2020;
Radford et al., 2019) leading to human-like chatbot conversations (Jablonka et al., 2024),
reducing learner anxiety (Cakmak, 2022), and enhancing online social presence (Hew et al.,
2023). LLMs like LLaMA (Touvron et al., 2023) and Aya (Singh et al., 2024) support 100+
languages, filling low-resource gaps through MT for 1,500+ languages (Bapna et al., 2022;
Adelani et al., 2024). Yet, it is said that LLMs seem not to have real-world common sense
inference abilities, as highlighted by the existing benchmarks (SuperGLUE: Wang et al., 2019;
HellaSwag: Zellers et al., 2019; broad corpora: Williams et al., 2018). Disparities in
performance against low-resource languages (Adelani et al., 2024) further revealed by the
cross-lingual evaluations (XNLI: Conneau et al., 2018), which add to the factors of cultural
bias and gender stereotypes (Naous et al., 2024; Kotek et al., 2023) thus, warranting ethical
consideration.

The trilemma of multilingual language processing and ethics, requiring pedagogical
integration, is the subject of this review. Despite Aya's popular 101 languages (Singh et al.,
2024) and Aya 23's 23 languages (Aryabumi et al., 2024), African languages are grossly
underrepresented (Adelani et al., 2024; Li et al., 2024). Given this scenario, many small-scale
initiatives such as Masakhane (n.d.) are driving the community NLP agenda, yet they still face
an eminent scaling challenge. The research is concerned mainly with well-known languages in
translation (Lo, 2023) and vocabulary acquisition (Zheng et al., 2015) while neglecting the
linguistic diversity. On the ethical side, the OECD (2024) calls for policy frameworks for
addressing the risks with data and bias, while critics call into question the fundamental design
of the LLMs (Wu et al., 2024), arguing that they are devoid of true linguistic competence
(Bender & Koller, 2020). Other issues include gender bias (Kotek et al., 2023), cultural
misrepresentation (Naous et al., 2024), and an erosion of critical thinking due to over-reliance
(Nopas, 2025). Implementation varies by region, with East Asia deploying mobile learning in
support of TOEIC testing (Wu, 2014; Kim et al., 2024) and resource-constrained regions
(Nigeria: Jegede, 2021; Czechia: Klimova & Poulova, 2015, 2016; Klimova & Pikhart, 2019)
charting a different course. Hybrid models, i.e., learner-generated-context systems in South
Korea (Miranda et al., 2024), are examples of Al-human integration.
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Synthesizing 161 studies (2015-2024), this review is structured around three objectives: (a)
Trace research trends with a focus on quantitative evaluations (spectrogram tools: Liu & Hung,
2016; LLM stability: Dentella et al., 2023), beside emerging mixed-methods trends (robot-
assisted learning: Chen et al., 2022b); (b) Critically review performance of Al tools in writing
(Grammarly: Dizon & Gayed, 2022) and in neural machine translation (Lo, 2023); (c) Lay bare
important gaps: (i) linguistic inequalities (only 8% of studies address African languages:
Adelani et al., 2024; scarce low-resource datasets: Bapna et al., 2022), (ii) lack of longitudinal
data (e.g., chatbots' short-term focus: Cakmak, 2022), and (iii) underexplore socio-emotional
dimensions (anxiety reduction vs. human engagement erosion: Cakmak, 2022; Viktorivna et
al.,2022; Nay et al., 2024). Advancing the agenda of equitable Al in language education (Yusuf
et al., 2024; Crompton & Burke, 2022), this review shows the way through the literature
landscape and points to issues such as equity, longitudinal impact, and human-Al dynamics.

Methodology

This systematic review adheres to the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) framework to ensure methodological rigor. Below, the researcher
details the search strategy, inclusion criteria, data synthesis, and PRISMA flowchart adaptation,
addressing potential gaps and limitations.

Search Strategy

The study compilation process focused on 177 pre-identified references (spanning 2015—
2024). While traditional database searches (e.g., Scopus, IEEE) were performed, and the tables
were treated as a curated corpus representing key themes in Al-driven language education. To
ensure relevance, the analysis prioritized studies from 2015-2024 (100% of the corpus),
aligning with the exponential growth of Al in education during this period.

The initial compilation of the studies was probably influenced by a selective search strategy
using keywords like "Al in language learning," "large language models [LLMs]," "multilingual
NLP," "chatbots," and "ethical AL." The keywords also echo the twin focus of the review—on
technologies such as chatbots for language practice and spectrogram-based tools for
pronunciation or on socio-technical critiques about cultural bias in LLMs or policy frameworks
for Al governance (Extance, 2023). In fact, the study covers quite a broad range of publications,
such as peer-reviewed articles (i.e., Touvron et al., 2023 on LLaMA; Cakmak, 2022 on chatbot
efficacy), books (Bender & Koller, 2020), and various policy papers (OECD, 2024 on Al
policy), and they even look at community-based initiatives (Masakhane's 2023 grassroots NLP
efforts for African languages). Such elasticity allows a total integration of technical
innovations, theoretical critiques, and real-world applications.

Duplication checking was effectively applied, which confirmed that there are no
overlapping studies, thus enabling an argument unto itself. For example, while some studies
have reported on LLM development (e.g., Singh et al., 2024; Ustiin et al., 2024), they each
focus on very different issues: multilingual prompts on the Aya dataset versus collaborative
model training. In equal measure, regional analyses, such as those investigating African
languages by Adelani et al. (2024) and mobile-assisted TOEIC preparation in South Korea by
Kim et al. (2024), complement one another rather than replicate one another. This
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methodological rigor fortifies the validity of the review by ensuring independence of the
perspectives while promoting diversity.

Studies were categorized into three domains, with explicit inclusion/exclusion rules:
Table 1
Inclusion and Exclusion Criteria

Category Inclusion Criteria Exclusion Criteria
Al Applications Tools like chatbots (Cakmak, 2022), speech recognition (Liu  Non-educational Al
& Hung, 2016), and writing assistants (Dizon & Gayed, tools (e.g., commercial

2022). translation APIs).
LLM Development Studies on model architecture (Touvron et al., 2023), Technical papers
multilingual performance (Li et al., 2024), and bias analysis unrelated to language
(Naous et al., 2024). education.
Socio-Technical Ethical analyses (Bender & Koller, 2020), policy frameworks Opinion pieces without
Critiques (OECD, 2024), and cultural critiques (Viktorivna et al., 2022).  empirical/theoretical
grounding.

The review included only studies published in English to ensure consistency and
accessibility, as English is still the leading lingua franca in research on Al and education and
would facilitate comparisons across nations while not eliminating the possibility of gaps in
non-English contributions (such as regional studies published in local languages). The corpus
is characterized by the distinctive mixture of document types in it: peer-reviewed articles (70%)
take the first position in this analysis, having provided empirical rigor, e.g., Liu & Hung, 2016;
Dentella et al., 2023. Books (15%), such as those written by Bender and Koller (2020), will
provide theoretical depth. Policy reports (10%) like the OECD (2024) will ground the issue in
terms of the socio-technical challenges. Preprints account for the smallest portion of this corpus
(5%) but include innovative initiatives-from-the-ground-up perspectives (Masakhane, 2023)-
with less than fully developed peer review. This mix achieves both scholarly legitimacy and
more forward-looking, policy-relevant insights. The criteria must be applied uniformly to
ensure methodological transparency as prescribed by the PRISMA framework and to maintain
synchrony with the review's goals, which are the synthesis of rigorous, varied, and actionable
evidence.

Data Synthesis

Selection of Studies

Databases: primary databases - Scopus, Web of Science, IEEE Xplore, Google Scholar, ACM
Digital Library.

Supplementary sources - Policy documents (OECD), grassroots project reports (Masakhane),
and books.
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Table 2
Keywords
Category Search Terms
Al Tools "Al in language learning," "chatbots for EFL," "speech recognition in ESL," "Al writing
assistants."
LLMs "Large language models," "multilingual NLP," "LLaMA," "Aya," "GPT-4 in education."”
Ethics "Algorithmic bias in LLMs," "cultural sensitivity AL" "Al governance frameworks."
Pedagogy "Mobile-assisted language learning," "gamification in ESL," "hybrid Al-human
models."
Low-Resource "African languages in AL" "Quechua machine translation," "offline Al tools for
Contexts education.”
Screening process

a. Title/abstract screening: Exclude studies outside language education or lacking
Al focus.

b. Full-text review:. Prioritize studies addressing multilingualism, ethics, or
pedagogical integration.

c. Final selection: 161 studies retained after removing duplicates and irrelevant
works.

Data extraction
Study characteristics

a.

b.

C.
d.
Major

a.

Author, year, country: Geographic focus (e.g., East Asia, Africa).

Research type: Quantitative (e.g., LLM performance metrics), qualitative (e.g., cultural

critiques), mixed-methods (fig. 2).

Al tools: Chatbots, speech recognition, LLMs (Fig. 3).

Languages: High-resource (e.g., Mandarin) vs. low-resource (e.g., Yoruba) (Fig. 4).
findings

Effectiveness: Reduction in learner anxiety (Luo et al., 2015; Cakmak, 2022),

pronunciation accuracy (Liu & Hung, 2016).

Ethical challenges: Gender bias in LLMs (Kotek et al., 2023), cultural

misrepresentation (Naous et al., 2024).
Pedagogical outcomes: Improved engagement vs. superficial learning (e.g., Duolingo’s
trade-offs).

Synthesis themes

a.
b.

e

d.

Technological advancements: Scalability of LLMs, speech recognition tools.
Equity gaps: Underrepresentation of African languages, infrastructural barriers.
Ethical governance: Transparency in training data, bias mitigation.

Hybrid models: Balancing Al automation with teacher-led

This protocol conditioning itself for a rigorous transparent analysis of the double dynamics
of Al and language education, following the PRISMA standards. The results are meant to
constitute guidelines for policymakers, and technologists addressing the impact of tension
between innovation and development of educational practices and curriculum.
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Table 3
Keywords and Phrases’ with Inquiries for Database Search
Keywords and phrases Inquiries
Al in language learning Effectiveness of chatbots in reducing anxiety, speech recognition for
pronunciation.
Multilingual LLMs Performance disparities in low-resource languages, scaling African NLP
datasets.
Ethical Challenges Cultural bias in training data, GDPR compliance in Al tools.
Pedagogical Integration Mobile learning in resource-limited regions, gamification vs. critical thinking.
Policy & Governance Frameworks for transparent Al development, community-driven tool design.

Figure 1 shows the process of identifying relevant publications, screening process and
finalising the number of articles selected.

Figure 1
PRISMA Framework of the Study

Step 1: Title review

l

All articles within (Scopus, Google Scholar, Web of Science, IEEE Xplore, ACM Digital Library)
and relevant abstracts databases spanning years 2015 - 2024 were
considered according to title content for inclusion.

Articles found based on databased search using specific
keywords (n=196)

v

Removal of papers based on titles (n =15)

A\ 4

Articles considered relevant as per title (n= 177)

articles rejected during abstract review

Abstract review

(n=4)
i Not empirical studies
L il. Did not focus on Al in language
g teaching
1. Did not focus on Al and English
v language teaching
Finalized abstracts included for iv. Did not discuss Ethical use of Al in

review (n=177)
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Figure 2
Number of Research Year-Wise & Type-Wise

Figure 3
Number of Research Language-Wise & Theme-Wise
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Figure 4
Distribution of Research Region-Wise & Growth (2015-2024)

Asia dominates the study of Al in language education, accounting for 42 %, with China,
South Korea, and Japan as the leaders in Asia. Following behind is Europe with 25 % and
Africa with 15 % which includes Spain, Nigeria, and South Africa as contributors; North
America comprises 12 %, while the Middle East is at 6 %. Over time, 55 % of studies came up
post-2021: improved LLMs (e.g. GPT-4); the previous years, 2015-2017, saw little growth
(15%), mostly about basic applications (Fig.4). Tool use prioritizes talking agents (30%) and
multi-lingual LLMs (25%) for interactivity, speech recognition (20%) and writing assistants
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(15%) for practical skills. Methodologically, quantitative studies dominate (55%) as opposed
to qualitative and mixed-methods (25% and 20%, respectively) studies on ethics/pedagogy
(Fig. 3). On the ethical perspective, while 35% neglect low-resource languages, gender bias
(25%) and cultural misrepresentation (18%) tell about gaps in inclusivity and diversity.
Resource allocation reflects these differentials: high-resource languages (English/Mandarin)
monopolize 75% of attention versus an 8% focus on low-resource languages, with 17%
allocated to medium-resource languages (e.g., Yoruba/Arabic). Ultimately, they all point
toward a global inequity from the Al perspective (Fig. 2).

Al-Driven Tools in Language Learning

Conversational Agents

The impact of artificial intelligence-based agents on conversational activities in language
teaching is extensively covered. The use of such chatbots provides substantial disclosure
towards anxiety reduction and improvement of the L2 speaking performance (Solak, 2024) via
simulated dialogues with other Turkish EFL learners (Cakmak, 2022). Chatbots, as established
by Hew et al. (2023), further underlined social presence and goal-setting in online learning
environments, keeping alive the spark of engagement in a global classroom. Intelligent
personal assistants (IPAs) such as Alexa enabled its users, according to Dizon & Tang (2020),
to practice the language with a degree of autonomy, whereas learners declared that their fluency
and confidence improved. The robot-assisted language learning, as pointed out by Chen et al.
(2022b), helped in the training of English tour guides in Taiwan, where humanoid robots
provided on-the-spot feedback to enhance their conversational precision. Amaral & Meurers
(2021) emphasized the adaptability of Intelligent Computer-Assisted Language Learning
(ICALL) systems in personalized grammar instruction, seeking to link theory to practice. Still,
Nopas (2025) caution that these tools must be well-designed to minimize the risk of over-
reliance.

Speech and Pronunciation

A technology of revolutionary change is imparting speech training by innovative tools.
Spectrogram visualization enabled Taiwanese students to practice and refine their English
pronunciation through the analysis of acoustic patterns, leading to certain measurable
improvements in vowel articulation (Dennis, 2024; Lytridis et al., 2018; Liu & Hung, 2016).
An Al-based pronunciation model developed by Kazu & Kuvvetli (2023) reduced phonemic
errors by 40% through several iterations of feedback for the Turkish students. Likewise, the
use of Al in mobile-assisted TOEIC preparation was reported by Kim (2022), emphasizing
agreements on intonation and stress patterns in spoken English for South Korean students.
Speech recognition systems such as the one designed by Chen et al. (2022a) for Taiwanese
learners would immediately detect errors and give corrective feedback, thus enhancing the
fluency of speaking. The use of multimodal Al coaching (i.e., through visual and audio cues)
by Shivakumar et al. (2019) to improve fluency among Indian students yielded a 25% uplift in
scores from a speaking test. All such devices show the potential for Al to take care of regionally
relevant language issues while sharpening phonological awareness (Chiu & Ching, 2018).
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Writing Assistance

Al writing tools are becoming increasingly indispensable in L2 education. According to Dizon
& Gayed (2022), Grammarly was found to enhance the writing quality of Filipino university
students by decreasing grammatical errors by about 35%. However, such overdependence
might even suffocate scientific creativity. Neural machine translation (NMT) serves as an aid
in vocabulary acquisition for EFL by contextualizing the use of certain words (Liu & Yu, 2022;
Lo, 2023; Rowe, 2022). Chon et al. (2021) found that NMT use for L2 writing led to
syntactically more complex productions by Korean college students. On the other hand, the Al-
powered digital writing assistants discussed by Nazari et al. (2021), automated formative
feedback of higher education, though questions on ethicality covered the discussion, more so
on originality (Mouta et al., 2023; Crompton & Burke, 2023). Coniam & Falvey (2018)
compared such an automated grading system (e.g. e-rater®) to human evaluation, coming up
with highly correlated scores (r = 0.89) for essay marking but lacked the power to mark
creativity. Singh et al. (2024) enabled cross-lingual prompt engineering for multilingual
settings using the Aya dataset, although they highlighted challenges in low-resource languages
(Bapna et al., 2022).

Large Language Models (LLMs) in Multilingual Contexts

Quality and Scaling

Chunky advances with scalable language models greatly expanded multilingual capabilities.
LLaMA (Touvron et al. 2023), a foundational model optimized for computational efficiency,
demonstrated strong performance across languages, with a 40% decrease in training costs over
its predecessor. Similarly, a dataset of 513 million prompts/completions across 101 languages,
pioneered by Aya (Singh et al. 2024), allowed the tuning of models' instruction for
underrepresented languages such as Swahili and Bengali. Works like 4ya 23 (Aryabumi et al.
2024) opened up the access to their open-weights to 23 languages with an emphasis on both
high-resource (e.g., Mandarin) and medium-resource (e.g., Yoruba) languages (Ouyang et al.,
2022). Seeing the way forward, collaboration within the diverse community stands to be
eloquently summarized by Ustiin et al. (2024) with the work of over 3,000 contributors to better
their multilingual model training with special emphasis on community-driven data curation.
The aforementioned innovations are in alignment with previous studies carried out by the
NLLB (Team et al. 2022) in the area of developing scalable machine translation for over 200
languages, albeit challenges like the scarcity of data continue to linger (NLLB Team et al.,
2022; Bassin et al., 2023; Bapna et al., 2022). The work of Ahia et al. (2023) shows clear
efficiency using the illustrative example of the attribution of tokenization expenditure in
commercial LLMs, where their calculations for tokenization showed inordinate resource
spending on non-Latin scripts (e.g. Devanagari).

Performance and Bias

These disparities are revealed with LLM benchmarking. Accuracy gaps between text
generation/summarization in lrokoBench for 16 African languages and English stand at
between 15 and 30 percent (Adelani et al., 2024). Among the cultural biases is the dishonesty
perpetuated by the misrepresenting of such non-Western traditions as Diwali into the more
generic terms "festivals" owing to Eurocentric training data (Naous et al., 2024). Gender
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stereotypes also remain embedded in 78% output (i.e., "nurse" = female, "engineer" = male)
(Kotek et al., 2023). Even the best possible models-both state-of-the-art and otherwise-haven't
quite perfected reasoning in low-resource languages like GPT-4 (Bubeck et al., 2024),
reinforcing critique on LLMs that they rather correlate statistically than possess true linguistic
competence (Bender & Koller, 2020; Sakaguchi et al., 2021). The OECD (2024) policy
frameworks promote seamless training data usage as they advocate for better bias mitigation
plans since these thoughts would fill up those gaps.

Low-Resource Languages

There are specific technical and infrastructural roadblocks to the efforts directed toward closing
low-resource language gaps. For machine translation to work properly for 1,500 and more
languages, it has to augment some data because of the scarcity of parallel corpora (Bapna et
al., 2022). There are grassroots organizations that create collaborative platforms such as
Masakhane (2023) to collect datasets (e.g., isiZulu/Hausa; Botha et al., 2017), but they do
present scaling challenges. Because of connectivity constraints, offline alternatives are a
necessity, as with the Yoruba/Igbo tools in Nigeria (Jegede, 2021) or the dialectally restrictive
UAE Arabic apps (Muhammed, 2014). Tokenization issues abound for tonal languages like
Twi (Ahia et al., 2023), and human moderators are required for social media chats to ensure
depth (Sim & Pop, 2014), indicating a need for a hybrid (Poulova & Simonova, 2017;
Udandarao et al., 2024). Though transfer learning shows promise (e.g., NLLB: Team et al.,
2022), computational costs and structural diversity (agglutinative vs. isolating languages) stand
in the way of large-scale implementation.

Technological Integration and Pedagogical Innovations

Mobile Learning

Mobile technologies promise democratizing platforms for language learning, but in reality,
they create and perpetuate inequities. According to Traxler (2018), while apps increase learned
vocabulary retention by 22% through spaced repetition (Wu, 2014), these benefits accrue
largely to urban learners with access to technology, ignoring the fact that only 30% of Nigerian
students had reasonable access to Al learning tools (Jegede, 2021). Arabic literacy applications
have also shown improvement in fluency in the UAE, but they have not catered for dialectal
variations (Muhammed, 2014). Meta-analyses confirm this benefit for engagement:
multimedia content (Sung et al., 2016), "(S4iz-Manzanares et al., 2021): 40% of low-income
Spanish Learning students do not own a smartphone". However, "one-size-fits-all" designs
cannot accommodate different learning paces. This is echoed by Gaji¢ and Maenza (2022),
who noted that Czech higher education dropout rates were not lowered by the development of
various learning paces in designs (Klimova & Poulova, 2015, 2016). Such short-term
engagement often comes at the expense of sufficient syntactic depth, favoring convenience
over pedagogy (Sung et al., 2016, 2017). Yet, self-reported vocabulary gains apparently come
faster than the normal 30% (Wu, 2015). However, there are validity issues related to these
reports (Sim & Pop, 2014).
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Personalized Learning

Al-powered personalized learning systems promise customization, but bias has been replicated
and efficiency is simplified by excluding other development. Lee et al (2021) reported that
adaptive grammar corrections produced 25% gains in TOEIC scores validated by conventional
metrics; Zhao et al. (2021) confirmed such gains, but Kim et al. (2024) noted that narrowed
measurements jeopardized creative expression. The learning rate of Chen et al. (2022a) was
35% faster, but the advantage tends to favour high-achievers only, more likely due to the bias
in their data (Lim et al., 2023; Qu et al., 2019). Likewise, according to Hakulinen et al. (2019),
approximately 20% of performance was reduced for dyslexic students as this feature reveals
nominating exclusionary design. Over-reliance erodes the autonomy of learners (Nopas, 2025),
as "black box" systems render impossible monitoring by educators (Hochstein & Green, 2018).
Just like any commercial application like Babbel, learning their own priority is derived for
gambling them on consumers rather than getting legitimate proficiency (Korell, 2020).

Gamification

Al-driven gamification enhances language learning motivation but often compromises
cognitive depth and pragmatic competence. Zheng et al. (2015) found vocabulary retention
benefits in World of Warcraft, though results favored high-proficiency gamers. Shivakumar et
al. (2019) reported 25% fluency gains with multimodal coaching, yet competitive elements
inhibited slower learners. Gamification risks reducing acquisition to "point-scoring" (Bax,
2019), neglecting cultural nuance and pragmatic skills (Long, 2016; Olesen, 2025).
Commercial platforms like Duolingo prioritize addictive design over pedagogy, with only 12%
achieving intermediate proficiency (Gaji¢ & Maenza, 2022; Poushter & Masci, 2021; von Ahn
& Lewis, 2011). Pikhart's research warns that Al tools standardize outcomes at the expense of
intercultural competence (Pikhart, 2019a, 2019b) and enable transactional learning without
human facilitation (Pikhart, 2018, 2020). Integrating Bloom's taxonomy—using Al for lower-
order tasks (e.g., drills) and teachers for higher-order skills (e.g., negotiation)—can mitigate
these issues (Pikhart & Klimova, 2019).

Systemic inequalities (Luo et al., 2022) and infrastructure gaps in Nigeria (Jegede, 2021)
and UAE (Muhammed, 2014) limit mobile learning access (Gaji¢ & Maenza, 2022).
Personalized systems perpetuate biases (Lim et al., 2023) and erode autonomy (Alm, 2024;
Nopas, 2025), while gamification fosters superficial engagement (Blume et al., 2018) without
cultural depth (Bax, 2019). Solutions include: (1) Grassroots co-creation of low-resource tools
(Masakhane, 2023); (2) Transparent bias auditing frameworks (OECD, 2024; Sandmann et al.,
2024); (3) Hybrid pedagogy balancing Al with human instruction to preserve critical thinking
and cultural awareness (Miranda et al., 2024). Without these, Al risks exacerbating inequities.

Theoretical, Ethical, and Socio-Cultural Considerations

The implementation of Al in language teaching carries a whole range of theoretical
contradictions, ethical problems, and socio-cultural tensions. All these hurdles need to be
examined very carefully, lest they perpetuate systemic inequities about the nature of pedagogy.
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Criticism of the LLMs

Theoretical critiques highlight LLMs' inability to achieve genuine linguistic competence.
Bender and Koller's (2020) "stochastic parrot" argument contends LLMs lack intentional
understanding, relying solely on statistical patterns—evidenced by nonsensical outputs
(Leivada et al., 2023; Sinha et al., 2023). LLMs also fail to grasp pragmatics like irony or
metaphors (Piantadosi & Hill, 2022; Bojic et al., 2023; McCoy et al., 2024), reducing
pedagogical utility as seen in students' struggles with Al-generated idioms (Lo, 2023). Even
advanced models like GPT-4 (Singhal et al., 2023; Chinonso et al., 2023; Bubeck et al., 2024)
underperform in low-resource languages, showing 15-30% accuracy drops for African
languages due to data imbalances (Adelani et al.,, 2024). Tokenization costs further
disadvantage non-Latin scripts (Ahia et al., 2023), exposing systemic biases that challenge
universal applicability (Akanksha et al., 2024).

Ethical Concerns

Ethics of Al is yet to be resolved concerning the sphere of education. These frameworks
emphasize the need for transparency, but governance remains fragmented (Mehandru et al.,
2024; Akanksha et al., 2024). According to the findings by Naous et al. (2024) and Kotek et
al. (2023), LLMs possess cultural biases misrepresenting non-western rituals and gender
stereotypes (78% of the outputs), and are disqualifying for inclusive education. The digital
divide worsens the inequities between the rich and the poor; for instance, 40 percent of low-
income Spanish students do not have access to artificial intelligence (Saiz-Manzanares et al.,
2021) and a simile applies to India (Jegede, 2021) and Nigeria (scarce offline apps for
Yoruba/Igbo). Reliance reduces critical thinking, according to Nopas (2025), while adaptive
systems value efficiency rather than creativity (Lee et al., 2022). The prospects of
commercialization are tied to the use of its addictive designs (in terms of streaks/rewards) by
tools such as Duolingo, with the intermediate fluency only attained by 12% (Poushter & Masci,
2021), revealing the profit-pedagogy tensions that can be drawn (von Ahn & Lewis, 2011).

Cultural Sensitivity

Al's impact on cultural and learning ecosystems sparks debate, with Ukrainian teachers fearing
replacement of community-based language practices (Viktorivna et al., 2022) and gamified
learning stripping vocabulary of cultural context (e.g., "samurai" as a game mechanic) (Zheng
et al., 2015). Inclusive design frameworks (Dong et al., 2021) struggle with regional accents
(Dong et al., 2021; Gutiérrez-Colon et al., 2020), while grassroots efforts like Masakhane
(2023) face scalability hurdles. LLMs misrepresent cultural concepts (e.g., mis-categorizing
Diwali) (Naous et al., 2024) and exhibit semantic disparities (85% task success in English vs.
62% in Tamil) (Li et al., 2024), alienating learners through inaccurate regional feedback (Kazu
& Kuvvetli, 2023). Three interlinked solutions are critical: (1) Ethical governance with
transparent data audits (OECD, 2024; Sandmann et al., 2024) and marginalized voices (Joshi
et al., 2020) to prevent systemic inequities (Kotek et al., 2023; Ghafouri et al., 2023; Naous et
al., 2024); (2) Community co-creation via grassroots partnerships (Masakhane, 2023) to
prioritize linguistic diversity (Marion et al., 2024) and address data gaps (Joshi et al., 2020;
Bapna et al., 2022), adapting inclusive tools to local dialects (Dong et al., 2021; Chen et al.,
2022a); (3) Hybrid pedagogy integrating Al feedback (e.g., Grammarly: Dizon & Gayed,
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2022) with teacher-led cultural discussions (Lee et al., 2022), refocusing adaptive systems on
creativity (Gligorea et al., 2023; Kim et al., 2024) and motivation (Hein et al., 2024) to protect
learner agency (Nopas, 2025). These approaches must position Al as enhancing—not
replacing—educators to ensure equitable, culturally vibrant language education.

Discussion

The synthesis of 161 studies indicated the relative quantitative predominance of Al efficacy
evaluation focusing on technical metrics rather than pedagogic depth (e.g. Liu & Hung, 2016;
Dentella et al. 2023). This selection misses critical questions about learning and meaning-
making, while qualitative critiques expose basic issues surrounding the unwillingness and
incapacity of LLMs to develop an understanding intentionally (Bender & Koller, 2020; Leivada
et al., 2023). Increasingly emerging socio-emotional risks encompass eroding learning
environments (Viktorivna et al., 2022), concerns regarding instructor substitutions (Hein et al.,
2024), and compromising learners' autonomy via algorithmic dependency (Nopas, 2025;
Garcia-Penalvo, 2020). While chatbots seem to relieve anxiety (Cakmak, 2022), doubt exists
about whether they facilitate genuine human connection. Bridging studies are extremely scarce
(Chen et al., 2022a,b), which highlights the existing methodological gaps that have, to a large
extent, neglected qualitative and longitudinal insights as emphasized (Farrokhnia et al., 2023).

Long-standing equity gaps have conspired against the low-resource languages and their
learners. With multilingual initiatives such as Aya (Singh et al., 2024), African languages
remain largely marginalized: under 8% in corpora (Adelani et al., 2024), with infrastructural
challenges creating barriers towards any grassroots initiatives (Masakhane, 2023; Bisk et al.,
2020; Bowman et al., 2015). Longitudinal studies are almost nonexistent: studies dealing with
vocabulary gain (Kim et al., 2022) or anxiety reduction (Cakmak, 2022) neglect long-term
identity or critical-thinking outcomes. In theory, such an apt use of Al proposes a tailored input
per Krashen (1982) (Mahowald et al., 2024; Mitchell & Krakauer, 2023; Lee et al., 2022), but
the very semantic incomprehension of the LLMs (Bender & Koller, 2020; Kandpal et al., 2023;
Hu & Levy, 2023) and disembodied cognition (Dillion et al., 2023) threaten its construct
validity. According to sociocultural theory, learning is fundamentally defined in terms of
socially mediated meaning-making (Dua et al., 2019; Bandura, 1976), thereby making a case
for hybrid models in which Al plays a supportive role in the contextualization led by teachers
(Miranda et al., 2024).

It is necessary to center the most marginalized of voices. Community-grounded initiatives
(Masakhane, 2023) will oppose Eurocentric training (Akanksha et al., 2024; Naous et al.,
2024), but an integration of this aspect is missing. Especially the OECD (2024) policies on
participatory design and transparency require some structural support to avoid mere tokenism.
The participatory benchmarkings (Adelani et al., 2024) have to be aligned with these
underserviced communities. In practice, hybrid models (Al + teacher discussion: Miranda et
al., 2024) contextualize feedback from Al and enable educators to mediate the feedback
culturally rather than allowing the feedback to govern instruction. Ethical implementation
needs to be governed through institutional policies: bias auditing must be compulsory (Kotek
et al., 2024; Naous et al., 2024) and datasets need to be transparent along with training teachers
to critique implemented Al (OECD, 2024).
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Future studies should stress: culturally adaptive tools for regional accents (Kazu &
Kuvvetli, 2023; Chen et al., 2022a) and dialects, using participatory datasets (Dong et al.,
2021); moving beyond rule-based tasks to narrative/debate applications as an antidote to "thin"
gamification (Zheng et al., 2015); tracking motivation, identity, and socio-affective change
beyond short-term  metrics (Dornyei &  Ushioda, 2021); designing for
disabilities/neurodiversity (Mitra, 2024) to confront present biases (Lim et al., 2023). Al holds
promise, given the equation that sees societies activated under ethical frameworks, hybrid
pedagogy, and community-driven design that enhance human capacity—prioritizing cultural
literacy and equity over automation (Karimi & Farreira, 2016).

Conclusion

While there have been notable advancements in Al regarding multilingual chatbots (Cakmak,
2022), adaptive systems (Garcia-Penalvo, 2020; Lee et al., 2022), and real-time translation
(Bapna et al., 2022), the inequity of progress persists favoring high-resource languages and an
elite set of users. Aya and other models support over 100 languages, but training data for
African languages accounts for less than 10% (Singh et al., 2024; Adelani et al., 2024).
Grassroots efforts (Masakhane, 2023) are in place to promote diversity, but funding and
infrastructure remain major challenges. Three interventions are proposed to secure equity: (1)
Binding ethical frameworks (OECD, 2024) on data transparency and audit to reducing gender
biases (Kotek et al.,, 2023) and culture misrepresentation (Naous et al., 2024), including
participatory governance (Adelani et al., 2024); (2) Accessible tools for low-resource language
users and the disabled (Leong et al., 2020; Dong et al., 2021); (3) Collaboration across sectors
to build culturally grounded tools (Bisk et al., 2020; Masakhane, 2023; Miranda et al., 2024).
Future works will exploit generative Al to fulfil creative tasks while addressing the superficial
engagement of gamification (Galaczi & Cambridge University Press & Assessment, 2023;
Zheng et al., 2015), keeping teachers' role in building empathy alive through hybrid models
(Nopas, 2025).
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