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Al and the digital divide in
education

Mokgata Alleen Matjie*, Andani Nethavhani and Mary Matlakala

Department of Business Management, University of Limpopo, Polokwane, South Africa

Artificial intelligence (Al) is an indispensable tool transforming education systems
worldwide. It does so through its complex intelligent tutoring system and automated
administrative operations managed by prompts. While Al seems to make it easy
for learning or education to take place easily, it also promotes or leads to some
unfair advantages for some learners or students. This is due to the languages
used by the Al, cultural mismatches between the Al developers and users, and
algorithm bias. We used a focused narrative and comparative review of case
studies from countries with similar socio-economic statuses and that have a visible
divide between urban and rural areas/regions. From the analysed case studies, we
therefore argue that despite its benefits, Al also does lead to a digital divide, either
intentionally or unintentionally, due to the above-mentioned reasons. We conclude
by proposing a practical training application that can lead to inclusivity, which will
integrate local languages, cultures, and communities into Al tools development
and translation. And more importantly, by proposing that the algorithm used in
Al tools be inclusive, Al tools design be participatory, Al be multilingual and or
importantly Al teachers be trained.

KEYWORDS
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Introduction

Coined in 1955 (McCarthy et al., 2006), Al is the science and engineering of making
intelligent machines that behave in a clever way. Al is a prominent technology that has changed
the way people learn over the past decade by drastically changing learning pedagogies, learning
styles, and techniques (Garzon et al., 2025; Krause et al., 2024; Vieriu and Petrea, 2025). In this
context, Al means a computer system that enables learning by making education more
adaptive, accessible, and efficient for students and educators. It involves tools like adaptive
learning platforms, intelligent tutoring systems, and automated grading, all designed to
support diverse students’ needs and improve engagement (McCarthy et al., 2006; Shannon,
1950). AI is defined as complex computing systems that carry out tasks that ordinarily
necessitate human intelligence, including recognizing patterns, decision-making, natural
language processing, and problem-solving (Baidoo-Anu and Owusu Ansah, 2023; McCarthy
et al., 2006; Shannon, 1950). AI algorithms developed directly from large datasets assist such
systems not only to better match learner needs and automate repetitive tasks (Hargittai, 2007a,
2007b, 2018), but also to provide insights relevant to pedagogical decision making in any
discipline for a given student (Sallam et al., 2023). Bahroun et al. (2023) found that OpenAT’s
ChatGPT is one of the most famous Generative Pre-trained Transformer (GPTs), and
ChatGPT has shaped and is still shaping education in the global arena. The use of Al in a
myriad of tools and applications is omnipresent in today’s classrooms and organizations.
Intelligent tutoring systems (ITS), such as Carnegie Learning or Squirrel Al track learners’
performance and offer personalised explanations and activities (Al-Zahrani, 2023).
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Adaptive learning platforms, such as but not limited to Knewton
and Smart Sparrow, vary the complexity or type of content according
to alearner’s engagement, leading to individualized learning journeys
(Jiang and Pang, 2023). Al-powered learning management systems
(LMS) like Canvas and Moodle plugins can then alert teachers to
students likely to fall out of connection and take action promptly. On
the other hand, students use various tools for natural language
processing, such as Grammarly, Quill, and AT writing assistants, to
receive constructive responses to their writing while they improve
in-text. Additionally, automated administrative tools, which can
feature student support chatbots and predictive analytics scheduling
systems, can help diminish the institution’s workload and enhance its
communication system (Bahroun et al., 2023; Laupichler et al., 2022;
MacNeil et al., 2022). However, these predictions might be biased, and
some learners are flagged based on their language or cultural nuances
rather than actual poor performance, and the same may apply where
learners are failed or considered incompetent due to similar
discriminative reasons. As a result, negative implications of Al
implementation on ethics and academic integrity have been found
(Bahroun et al., 2023; Kooli, 2023; Rahman and Watanobe, 2023).

Al should change learning for all learners across the globe (Luckin
et al., 2016; Selwyn and Facer, 2013); however, that is not always the
case (Garzon et al., 2025; Krause et al., 2024). Al in higher education
brings some concerns with it, specifically the issues of access and such
as the algorithmic bias and discrimination (Al-Zahrani, 2024b;
Bigman et al., 2022; Elliott and Soifer, 2022; Hargittai, 2007a, 2007b,
2018; Johnson, 2021; Wang et al., 2022), several ethical considerations
(Resseguier and Rodrigues, 2020; Stahl et al., 2021), all of which if not
attended leads to the digital divide (Van Dijk, 2017). According to Van
Dijk (2017), the digital divide is the gap between people who do and
do not have access to forms of information and communication. This
gap appears to be wider for learners from rich countries and regions
and those from poor countries and regions in terms of access to Al
technologies that enable learning (Cotilla Concei¢do and van der
Stappen, 2025; Druga et al., 2022). However, it should be noted that
not having access to Al tools is not AT’s fault but rather other systemic,
socio-economic, infrastructural, or political issues (Bahroun et al.,
2023). The gist of this review rests on the notion that everyone has
equal access to Al tools, but the tools are somehow discriminatory to
others linguistically, culturally, and due to the Al tool’s algorithm bias.
It is common knowledge that Al integration in education is a matter
of neutrality or equal benefit (Filippucci, 2024; O’Neil, 2016; Vieriu
and Petrea, 2025). The equal benefit will suffice in the absence of
discriminatory issues. However, if such discrimination issues persist,
learners from the rich countries and regions (where these tools are
developed and their language used) are more likely to benefit from AI
in their education than those from marginalised, poor regions, and
this injustice is rooted in decades-old structural injustices (Cotilla
Conceigdo and van der Stappen, 2025; Druga et al.,, 2022). The
inevitable inclusion of Al into the learning or education system does
not wholly benefit everyone as it was intended (Mokoena and Seeletse,
2025). The digital divide that leads to unequal access has been
experienced across the globe, and this chapter aims to argue that if AI
benefits few privileged learners or students, its efficacy cannot be
compounded (Mokoena and Seeletse, 2025). Using critical, theoretical,
and conceptual lenses, this chapter aims to argue and prove that Al
might bring more harm than benefits with its biased algorithms,
cultural, and language insensitiveness. This perpetuates a lack of

Frontiers in Computer Science

10.3389/fcomp.2026.1759027

equity, social injustices, and questionable ethical issues around Al,
despite Pedro et al. (2019) and Sato et al. (2024) arguing that Al in
education can be used to improve educational equity and quality.
According to Mac Fadden et al. (2024), Al should provide more
equitable and inclusive educational experiences for all, and this can be
achieved by considering the above matters when considering the
use of AL

Al-enabled education benefits

Al in education offers significant potential for personalized
learning (McCarthy et al., 2006; Shannon, 1950; Van Dijk, 2017).
Specifically, AI-powered education leads to improved academic
outcomes and enhanced student engagement (Hennekeuser et al.,
2024; Vieriu and Petrea, 2025). The benefits of these Al for learners
are endless, and they depend on the accuracy of the Al algorithm and
its cultural and language sensitivity (Filippucci, 2024; O’Neil, 2016;
Vieriu and Petrea, 2025). Al in education influences students’
academic development by offering a mix of opportunities and
challenges (Edtech, 2020). It also provides tailored guidance, support,
and feedback based on individual learning patterns and knowledge
levels (Hwang et al., 2020). AI has the potential to revolutionize
education (Holmes et al., 2019) and address the diverse needs of
learners (Vieriu and Petrea, 2025; Al-Sowaidi and Clarke, 2025). More
importantly, Al in education leads to improved self-efficacy and a
more positive attitude toward their education (Johnson and Smith,
2019). Fitas et al. (2025) noted that while it might be detrimental with
its language barriers, cultural mismatches, and algorithm bias, it is
possible to benefit from Al in education.

Types of digital divides in Al-powered
education

Digital inequalities do not derive simply from the introduction or
discontinuity of technology, as many students and researchers have
noted (Bigman et al., 2022; Johnson, 2021; Wang et al., 2022). Instead,
they spring from deeper language barriers, cultural and algorithm bias
that determine the interaction between the learners at the AI tool
(Mac Fadden et al., 2024). While cultural bias refers to interpreting
phenomena based on the norms of one’s own culture, algorithmic bias
occurs when a computer system systematically produces unfair
outcomes, often as a result of embedding human cultural biases into
the system’s design and training data (Fitas et al., 2025; Seaver, 2017).
To assess how Al can either shrink or widen existing educational gaps,
it is essential to understand these dynamics.

Language and cultural mismatches

Al educational technologies are predominantly designed for
English or other major international languages, with limited
accommodation for multilingual or Indigenous linguistic and cultural
contexts. This linguistic and cultural bias reduces the relevance and
pedagogical effectiveness of Al systems for diverse learner populations,
thereby reproducing exclusion through design rather than access
alone (Mac Fadden et al., 2024). When the Al tools are developed in
a language unfamiliar to the learners, they are bound to struggle as
compared to those learners whose language was used to develop the
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tools. The solution will be to translate, accurately the Al tools to the
local language, to create a fair advantage for everyone.

Algorithmic Bias and unequal outcomes

Al systems trained on datasets that underrepresent specific
populations generate biased predictions, provide less appropriate
feedback, and misinterpret students’ work, thereby producing what is
conceptualised as a “third-level digital divide,” one concerned not with
access, but with who ultimately benefits from AI (Hargittai, 2007a,
2007b, 2018). In educational contexts, these unequal outcomes
through  differential of feedback
recommendations, with students from lower-income communities

manifest quality and
more likely to receive less accurate or less supportive guidance,
reinforcing disadvantage rather than ameliorating it (Bulathwela et al.,
2024). Empirical research demonstrates that such outcomes are not
incidental but structurally embedded in the design and governance of
Al systems. Algorithmic bias operates across multiple stages, including
data collection, feature selection, algorithm design, implementation,
and institutional policy environments. When these processes lack
ethical oversight and accountability, Al systems actively shape
educational trajectories by introducing new, opaque barriers to
assessment, progression, and opportunity (Baker and Hawn, 2022;
Boateng and Boateng, 2025). Scholars have further identified distinct
forms of algorithmic discrimination, such as proxy bias, disparate
impact, and biased targeting, that systematically disadvantage
marginalised groups defined by race, gender, disability, socioeconomic
status, and geographic location (Wang et al., 2024; Baker and Hawn,
2022). Importantly, bias can also be reinforced through patterns of
user interaction, allowing inequities to compound over time rather
than dissipate (Chinta et al., 2024). Taken together, this evidence
challenges the assumption that Al is a neutral educational tool.
Instead, without deliberate commitments to inclusive design,
transparency, and governance, Al risks reproducing and intensifying
existing social hierarchies. Algorithmic bias thus constitutes a
structural threat to educational equity, requiring systemic intervention
if Al is to function as a tool for inclusion rather than exclusion.
Inclusion of locals when developing these Al tools will minimize the
algorithm bias.

10.3389/fcomp.2026.1759027

Based on the above section, we have developed the conceptual
framework below to depict how the digital divide in AI occurs. The
conceptual framework was also based on the theoretical framework
as discussed first below.

Theoretical framework

Al adoption in education is shaped by three interrelated
dimensions. The digital access and skills divide emphasizes that mere
access to devices and connectivity is insufficient; learners and
educators also require digital literacy and institutional support to
engage meaningfully with AI (van Dijk, 2006, 2020; Hargittai, 2007a,
2007b, 2018; Selwyn, 2016). The algorithmic divide highlights that AI
systems can reproduce social inequities due to biases in
non-representative datasets and design choices, disproportionately
affecting marginalized learners (Buolamwini and Gebru, 2018;
Barocas and Selbst, 2016). Finally, socio-cultural and institutional
mediation shape how AI interacts with pedagogy, curricula, and
community contexts. Equitable Al integration requires simultaneous
attention to access, algorithmic fairness, and human/institutional
capacity. When aligned, these dimensions promote inclusive learning;
when neglected, they risk reinforcing existing educational and socio-
economic disparities.

Conceptual framework: Al-related digital
divides in education

Below is a concise conceptual framework synthesizing the
linguistic, cultural, and linguistic and cultural divide and algorithmic
divides as seen in Figure 1.

Al tools often lack support for local languages and culturally
relevant content, and this limits inclusivity and engagement for
multilingual and indigenous communities, reducing the pedagogical
relevance of Al-enabled learning (Mac Fadden et al, 2024).
Consequently, this leads to learners from underrepresented linguistic
and cultural groups being excluded from the benefits of Al

Linguistic
divide (Limited
engagement)

FIGURE 1

A conceptual framework on Al-related digital divides in education (author-designed).
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perpetuating systemic inequities. Algorithm divide implies that there
are biases embedded in Al systems that arise from non-representative
datasets and algorithm design. These biases produce skewed
predictions, unequal feedback, and differential learning support,
disproportionately affecting marginalized students (Bulathwela et al.,
2024), leading to the reinforcement of pre-existing social hierarchies,
creating inequitable educational outcomes. Overall, the conceptual
framework aims to show that linguistic/cultural and algorithmic
divides are interconnected, and if Al fails to recognize local languages
or contexts may simultaneously rely on biased datasets, compounding
exclusion. Students from marginalized communities face a “double
barrier”: limited relevance of content and biased feedback or
recommendations, which together exacerbate educational inequalities.
This framework emphasizes that equitable Al integration in education
depends on simultaneous attention to cultural, linguistic, and
algorithmic factors. Without addressing these dimensions in tandem,
Al risks reinforcing rather than alleviating structural inequalities.

Although research on artificial intelligence in education is
expanding, existing studies largely emphasise technological access and
innovation, with limited theoretical integration. Digital divide theories
are frequently cited but rarely applied systematically to analyse
Al-related educational inequalities. In particular, second- and third-
level digital divides, relating to skills, meaningful use, and unequal
educational outcomes, remain underexplored. Moreover, algorithmic,
linguistic, cultural, and institutional dimensions of inequality are often
examined in isolation, limiting cross-contextual comparison and
policy relevance. This study addresses these gaps by applying a multi-
level digital divide framework consistently across case studies,
enabling a theory-driven and outcome-focused synthesis of how AI
both reproduces and reshapes educational inequalities.

Methodology

This study adopted a focused narrative review to examine Al and
the digital divide in education, concentrating on countries with
similar socio-economic statuses and a clear divide between rural and
urban regions, such as South Africa, China, Bangladesh, and others.
According to Sukhera (2022) and Greenhalgh et al. (2018), a narrative
review can include a wide variety of studies and provide an overall
summary, with interpretation and critique, unlike the systematic
reviews that focus on a narrow question in a specific context, with a
prespecified method to synthesize findings from similar studies. This
review adopted a structured narrative approach to examine the role of
artificial intelligence (AI) in shaping digital divides within educational
contexts. Although the review does not claim full systematic review
status, established review principles were applied to enhance
transparency, rigor, and reproducibility.

Database selection

The literature was sourced from three major academic databases:
Scopus, Web of Science, and Google Scholar. These databases were
selected due to their comprehensive coverage of peer-reviewed
research in education, technology, and the social sciences, as well as
their capacity to capture interdisciplinary and emerging scholarship
on Al in education, as advised by Gusenbauer and Gauster (2025).
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Search strategy

A keyword-based search strategy was employed using
combinations of terms related to Al education, and digital inequality.
Core search terms included artificial intelligence, AI in education,
generative Al, ChatGPT, digital divide, digital inequality, algorithmic
bias, linguistic divide, and cultural bias. Boolean operators were used
to refine searches (e.g., “Al in education” AND “digital divide”).
Searches were limited to English-language publications published
between 2016 and 2025 and included peer-reviewed journal articles
and policy-relevant reports (Gusenbauer and Gauster, 2025; Shaheen
etal., 2023).

Screening and eligibility

Retrieved records were screened in stages. Titles and abstracts
were first reviewed to assess relevance to Al applications in education
and their relationship to equity, access, or inclusion. Full texts of
potentially relevant studies were then examined to confirm alignment
with the review focus as advised by Shaheen et al. (2023). Studies that
addressed only technical aspects of AI without educational or equity
implications were excluded.

Case study inclusion criteria

Case studies were selected based on their explicit engagement
with AT use in educational settings and their analysis of digital divide
dimensions, including access, linguistic exclusion, cultural bias,
algorithmic bias, and institutional capacity. Preference was given to
cases drawn from contexts characterised by structural inequality,
particularly in the Global South, to enable meaningful cross-
contextual comparison (Gusenbauer and Gauster, 2025; Munn et al.,
2014; Shaheen et al., 2023).

Data synthesis

The final set of studies and cases was synthesised using thematic
narrative analysis, allowing for the identification of recurring patterns
and divergences across contexts (Munn et al., 2014). The review
process followed a PRISMA-informed flow, identification, screening,
eligibility, and inclusion, to support clarity and methodological
transparency.

Although this review does not claim full PRISMA compliance due
to its narrative design, the database selection, search strategy, and
inclusion criteria were documented to enhance transparency and
reproducibility (Shaheen et al., 2023), as shown in Table 1.

Table 1 summarises the PRISMA-informed screening process
used to identify and select literature for this narrative review. It
outlines the sequential stages of identification, screening, eligibility
assessment, and inclusion, together with approximate record counts
at each stage. The table illustrates how an initially broad pool of studies
retrieved from multiple databases was progressively refined through
title and abstract screening and full-text assessment, resulting in a
final set of studies and case examples included in the narrative
synthesis. The use of approximate counts reflects the iterative and
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TABLE 1 PRISMA-informed flow of literature selection.

Review stage ‘ Description

Identification Records identified through database
searching (Scopus, Web of Science,

Google Scholar)

Screening Titles and abstracts screened for
relevance to Al in education and digital
divides

Eligibility Full-text articles assessed for alignment

with equity, access, and inclusion criteria

Exclusion Studies focusing solely on technical AI
development or lacking educational

relevance

Inclusion Peer-reviewed articles and policy-
relevant case studies (2016-2025)

included in synthesis

interpretive nature of a narrative review, while still providing
transparency and enhancing the reproducibility of the literature
selection process.

Methodological limitations

Narrative reviews, while valuable for providing broad overviews
of a topic, do have some inherent limitations that must be addressed
to enhance their reliability. One key concern is the potential for author
bias in the selection of studies, alongside a degree of subjectivity that
can affect the interpretation of results. Additionally, the absence of a
standardized methodology often leads to inconsistencies, which can
make these reviews less reproducible and harder to evaluate critically
compared to systematic reviews. This can sometimes result in
uncertain conclusions or an overstated presentation of findings
(Gusenbauer and Gauster, 2025; Shaheen et al., 2023). To mitigate
these issues, we adopted several strategies, such as establishing clearer
criteria for study selection and explicitly stating them to help reduce
bias, incorporating a more structured approach to data synthesis, even
in a narrative format, can provide a more comprehensive overview
and minimize the risk of overlooking key studies and lastly by
balancing qualitative insights with a robust examination of available
evidence, narrative reviews can contribute meaningful perspectives
while also respecting the complexities of the topic at hand (Greenhalgh
et al., 2018; Sukhera, 2022).

Global cases on the digital divide of
education

Al for education: adoption in Brazil
(cultural misfits)

A recent study on Al adoption and the digital divide in education
found that AI enhances accessibility and efficiency in the Brazilian
educational sector (Samuel-Okon and Abejide, 2024). AT was found
to improve educational outcomes by providing personalized learning
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experiences. However, deploying these technologies faces substantial
challenges in the country due to, amongst others, cultural resistance
(Samuel-Okon and Abejide, 2024).

Al4D Maseno University (Kenya) (language
translation)

The tool developed by Maseno University to translate between
English and Kenyan Sign Language exemplifies the potential of Al to
foster inclusive education through community-driven design. By
directly involving deaf communities in the development process, the
initiative ensures that the technology is both contextually appropriate
and responsive to users actual needs. Beyond facilitating
communication between Deaf and hearing students, the project
addresses systemic barriers in classroom participation, enabling
equitable access to learning. This approach underscores a critical
principle in AI for education: co-design and participatory
methodologies are essential to avoid solutions that inadvertently
reinforce marginalization. It also illustrates how AI can act as an
enabler of social inclusion when applied with deliberate attention to
user diversity and cultural context.

RobotsMali (Mali) (algorithm bias removed)

Robots Mali’s production of over 180 children’s books in Bambara
demonstrates the transformative potential of Al in supporting local
language literacy and preserving cultural heritage. By combining
Al-assisted content generation, machine translation, and human
editing, the project drastically reduced production costs and timelines
while ensuring cultural relevance. This initiative addresses a dual
challenge prevalent in many African contexts: the scarcity of
educational materials in indigenous languages and the risk of
linguistic homogenization in education systems dominated by colonial
or global languages. By leveraging Al to produce accessible, culturally
appropriate content (unbiased algorithm), RobotsMali exemplifies
how AI can bridge resource gaps and support both educational and
cultural sustainability.

GPE KIX STEPS project (Benin, Cameroon,
DRC) (culturally sensitive pedagogy)

Integrated AI with Open Educational Resources to produce
culturally relevant STEM textbooks for primary schools. Al assisted
in drafting, localizing, and translating content aligned with national
curricula, enhancing engagement and learning outcomes while
demonstrating the importance of pairing AI with pedagogical
strategies and teacher capacity-building. This approach highlights how
Al can support scalable content creation while enhancing contextual
relevance, improving both student engagement and learning
outcomes. Furthermore, by embedding Al into teacher and student
resources, the project demonstrates the importance of capacity-
building alongside technological innovation, ensuring that Al is not
merely a tool but part of a broader strategy to enhance pedagogy and
educational quality.
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Primary education in urban vs. rural
schools

A comparative study of primary mathematics teachers in post-
pandemic China found a “TPACK divide” in Technological
Pedagogical Content Knowledge and attitudes toward technology;
that is, urban versus rural teachers (Ahiaku et al., 2025). Rural
teachers generally did not feel very comfortable using digital
technology in their teaching due to limited professional
development and opportunity (Knowles et al., 2023; Mateko et al.,
2025; Mudhau and Sikhosana, 2023). Teacher capacity is a
significant component of the digital divide; it’s not only access to
students who are impacted, but whether teachers can intentionally
make use of technology for pedagogical benefit (Faloye and Ajayi,
2022; Nyahodza and Higgs, 2017). In this Chinese case study, the
problem was neither access nor infrastructure readiness, but the
lack of professional empowerment to teach learners using the
digital platforms. This is one of the pertinent issues that is currently
neglected in many poor regions or countries.

Higher education in Latin America during
COVID-19

An examination in Latin American universities during the
pandemic found large digital inequalities in the use of technology:
frequency, satisfaction, and perceived capability and access to digital
tools among university students (Diez and Gajardo, 2020; Garcia-
Martin and Garcia-Sanchez, 2022). The transition to online learning
exacerbated existing gaps (Exposito and Marsolier, 2020). Lower
socio-economic students reported less secure access, less confidence
in digital skills, and less satisfaction with digital learning, suggesting
that digital inequity is not just about access, but also about knowledge
and meaningful use (Blackman et al., 2020; Gonzales, 2017). Just as in
the China case study above, Latin America experienced not only a
rapid COVID-19 transition without adequate infrastructure but also
a lack of knowledge and use of the IA system, leading to dissatisfied
learners and further digital inequities.

STEM education in BRICS countries

The case that is policy relevant (BRICS context) also highlighted
a high level of students lacking in the relevant skills for the digital
economy in Brazil, India, South Africa, and other BRICS States
through STEM and digital literacy, respectively (Maisiri and
Madzikanda, 2024). The economic legacy of educational divides in the
digital age has longer-term effects. Failure to connect digital literacy
and STEM education leaves emerging economies’ students behind in
global digital labour markets (Qureshi and Qureshi, 2021). Lack of
access and knowledge to high-tech STEM machines and Al
technologies, by both learners and teachers, disadvantages learners in
STEM, hence BRICS countries (Brazil, India, South Africa) experience
a shortage of students in STEM as compared to other countries. The
shortage of STEM students is caused by the digital divide, not the
mental capacities of the students in these countries (Table 2).

A cross-case analysis reveals both convergences and contradictions
in how Al interventions address digital divides across educational
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contexts, as well as several persistent gaps in theory, practice, and
outcomes as seen on Table 2.

Key contradictions

First, there is a clear contradiction between participatory and
top-down Al design approaches. The AI4D (Kenya) and RobotsMali
cases demonstrate that community co-design and local language
integration can significantly reduce linguistic and cultural bias, leading to
inclusive educational outcomes. In contrast, the urban-rural primary
education case in China and the higher education cases during
COVID-19 in Latin America illustrate that AT and digital tools introduced
without adequate teacher preparation or contextual adaptation result in
underuse, learner dissatisfaction, and widened inequalities. This contrast
highlights that AI effectiveness is contingent on human and institutional
capacity, rather than technological availability alone.

Second, the cases reveal a tension between short-term efficiency
gains and long-term equity outcomes. RobotsMali shows that Al-assisted
content creation can reduce costs and production time while preserving
cultural relevance. However, the BRICS STEM education case
demonstrates that policy-driven AI and STEM expansion without
parallel investment in access and training leads to skills shortages and
labour market exclusion. This contradiction suggests that efficiency-
focused AI deployment does not automatically translate into equitable
educational or economic outcomes. Third, while teacher capacity-
building is shown to be critical in the GPE KIX STEPS case, this emphasis
is not consistently present across other interventions. The absence of
sustained professional development in the China and Latin America
cases contrasts sharply with the positive outcomes observed where Al is
integrated with pedagogy, indicating a fragmented application of second-
level digital divide principles.

Identified gaps

Despite valuable insights, several gaps persist across the cases as
seen in Table 3. First, third-level digital divides, unequal learning
outcomes, academic progression, and long-term opportunities are
only partially examined. Most cases report immediate improvements
in access or engagement, but longitudinal evidence on how Al affects
sustained educational trajectories remains limited. Second,
institutional and governance dimensions of AI adoption are
underdeveloped. While community and teacher-level interventions
are highlighted, few cases systematically examine ethical frameworks,
data governance, or national AI education policies, leaving
unanswered questions about scalability and sustainability.

Third, there is a gap in comparative measurement. Outcomes are
reported using context-specific indicators, making it difficult to
directly compare effectiveness across regions and education levels.
This limits the ability to generalise findings or translate them into
global policy guidance. Finally, although linguistic and cultural divides
are well addressed in some Global South contexts, algorithmic bias in
commercial or large-scale Al systems remains insufficiently examined,
particularly in middle- and high-income settings where such systems
are increasingly adopted.

Taken together, these contradictions and gaps indicate that AI does
not inherently reduce digital divides. Instead, equitable outcomes
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TABLE 2 Comparative table: Al, digital divides, and educational inequities across contexts.

Case study/ Level of Core Al/digital  Type of divide Key intervention/  Outcomes Key contrast
context education issue addressed approach
AI4D - Maseno Higher Education Language translation Linguistic and Community co-design with | Inclusive classroom | The AI4D case study
University (English <> Kenyan sign | cultural divide deaf users; participatory AI | participation; demonstrates inclusive
(Kenya) language) development equitable access for | AI design when users
deaf learners are involved. The
involvement of
community and local
languages reduced the
bias in higher
education.
RobotsMali Early childhood and = Al-assisted content Linguistic divide and | AI + human editing; Reduced cost/time; = The RObotsMali case
(Mali) primary creation in Bambara algorithmic bias culturally grounded culturally relevant | study in early
datasets local-language childhood
books development shows
that AT can become a
crucial cultural
preservation tool when
bias is mitigated
GPE KIX STEPS | Primary education Al-supported OER Cultural and Al localisation + teacher Improved By training teachers
(Benin, (STEM) development pedagogical divide capacity-building engagement and on Al tools,
Cameroon, DRC) curriculum localisation, improved
alignment student engagement
and curriculum
alignment through AI
can be achieved.
Urban vs. rural Primary education Digital pedagogy and AI | Capacity and skills Limited teacher Underuse of Limited teacher
primary (mathematics) use divide (TPACK) professional development technology in rural | capacity created AI
education (china) schools tool education
inequity
Higher Education | Higher education Online learning Socio-economicand | Rapid transition without Lower satisfaction | Al tools are available
during adoption skills divide adequate preparation and confidence but lack of knowledge
COVID-19 (Latin among and confidence on Al
America) disadvantaged tools usage led to
students inequity
STEM education | Secondary and higher = AL STEM, and digital Skills and economic Policy focuses on STEM STEM shortages; Political influence or
in BRICS education literacy divide without adequate access/ labour market poor Al focused
countries training exclusion policies leads to the
digital divides

depend on participatory design, sustained capacity-building, and
institutional readiness. The uneven application of digital divide theory
across cases underscores the need for a theory-driven, multi-level
analytical framework, a gap that this study explicitly addresses.

To ensure theoretical consistency, a theory-to-evidence matrix was
used to interpret the case studies (Noyes et al., 2019), explicitly linking
digital divide constructs to observed patterns of Al access, use, and
educational outcomes (see Table 3). The matrix links digital divide
theoretical constructs to specific case study evidence, making explicit
how theory informs interpretation. The first- and second-level divides
capture structural and skills-based barriers, highlighting that mere
access to Al tools does not ensure meaningful use. The third-level
digital divide illustrates how unequal outcomes emerge even when
access exists, particularly disadvantaging marginalized learners. The
linguistic and cultural divides show how AT’s language and content
design can unintentionally reproduce systemic inequities, while the
institutional divide emphasizes the mediating role of governance,
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policy, and teacher readiness in determining AI's impact. By aligning
each theoretical construct with empirical examples from the
manuscript, the matrix demonstrates that AI is not inherently
equitable and that educational outcomes depend on the intersection
of access, skills, cultural relevance, and institutional capacity. This
approach provides a clear, theory-informed lens for interpreting
diverse case studies and supports actionable recommendations for
inclusive Al integration in education.

A proposed, practical solution or
framework for an inclusive Al training

Based on the analysis of the case studies and empirical literature,
we are proposing the following practical solutions for an inclusive Al
tools development and training that will reduce the digital divide,
despite access.
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TABLE 3 Theory-to-evidence matrix linking digital divide frameworks to case study findings.

Theoretical Core construct Evidence from case studies (as reported = Analytical interpretation

framework in the manuscript)

First-level digital Differential access to Al Case studies show uneven availability of devices, internet Structural inequalities in infrastructure limit initial

divide infrastructure connectivity, and Al-enabled platforms across educational exposure to Al tools, reinforcing pre-existing
institutions educational disparities

Second-level digital | Digital and Al-related skills Evidence highlights gaps in teacher training, learner digital Access alone is insufficient; limited skills constrain

divide literacy, and pedagogical capacity to integrate Al effectively meaningful engagement with AI in teaching and

learning

Third-level digital Unequal educational Case studies demonstrate varied learning gains, assessment Al amplifies advantage for already-resourced groups,

divide outcomes advantages, and academic opportunities resulting from AI producing unequal outcomes despite nominal access
use

Linguistic digital Language bias embedded in | Empirical examples reveal reduced accuracy and relevance Linguistic bias limits inclusivity and diminishes the

divide Al systems of Al tools for learners using non-dominant or indigenous pedagogical value of Al for marginalised language
languages communities

Cultural digital Cultural misalignment of Case studies report curriculum-AI mismatches and Al systems reproduce dominant cultural norms,

divide Al-generated content culturally inappropriate content reducing contextual relevance and learner engagement

Institutional digital | Governance, policy, and Across cases, weak institutional policies and limited ethical | Institutional capacity mediates how AI either mitigates

divide organisational readiness guidance shape uneven AI adoption or exacerbates digital inequality

Development of Al tools with multilingual
and culturally relevant content

Use of diverse, representative datasets to
In line with the conceptual framework, the following examples will be useful m |t|gate a lg o rlth mic b|aS

under practical solution 1.

Linguistic and cultural divide

(Framework component: linguistic and cultural exclusion — reduced relevance
Algorithmic divide
and engagement)

(Framework component: biased algorithms — unequal feedback and learning

Practical examples .
opportunities)

(a) Multilingual intelligent tutoring systems (ITS)
Practical examples

An AT mathematics tutor deployed in rural South African schools is

designed to operate in Xitsonga, Sepedi, isiZulu, and English. Learners can (2) Fair adaptive learning algorithms

switch languages at any stage of the lesson, while examples use locally An adaptive learning platform used in STEM education is trained on
familiar contexts, such as livestock counting, market trading, or water datasets that include urban and rural learners, multilingual users, and
collection. Mathematical problems are thus cognitively accessible without students with varying levels of digital literacy. Performance benchmarks
the added burden of language translation, supporting conceptual are disaggregated by language proficiency and schooling context, ensuring
understanding rather than rote memorisation. that learners are not incorrectly classified as “low-performing” due to

(b) Local-language Al writing assistants language or access constraints rather than actual ability.

A writing-support Al is developed to assist learners in drafting essays first in (b) Bias-aware language models

their home language (e.g., Setswana or Bambara) before gradually scaffolding A language-learning AI incorporates text data from local textbooks,
translation into English or French. Instead of penalising non-standard grammar, indigenous literature, oral histories, and community-generated content, rather
the tool provides feedback on structure, argument coherence, and idea than relying solely on global or Western corpora. Human reviewers from local
development, aligning with culturally grounded narrative styles. This approach communities validate the outputs to ensure cultural accuracy and to avoid
validates linguistic identity while strengthening academic literacy. stereotypes or cultural misrepresentation.

(c) Culturally contextualised AI chatbots (c) Participatory dataset curation

An Al chatbot used for homework support is trained on national curricula Teachers and community members contribute anonymised learner data,
and culturally relevant examples, such as indigenous agricultural practices or examples, and feedback into the AT system, allowing datasets to evolve. This
local history. When learners ask questions, the chatbot responds using familiar human-in-the-loop approach ensures continuous correction of biased outputs
analogies and culturally appropriate metaphors, improving comprehension and and promotes ethical accountability.

learner engagement. By diversifying datasets and embedding human oversight, Al systems

These examples demonstrate that multilingual and culturally responsive AI become more equitable, transparent, and responsive to underrepresented
reduces cognitive exclusion, enhances engagement, and promotes epistemic justice learners, preventing the reproduction of historical and structural biases
by recognising learners’ lived experiences (Al-Zahrani, 2024b; Bigman et al., 2022; (Baidoo-Anu and Owusu Ansah, 2023; Chakraoui and Kooli, 2025; Mac
Bulathwela et al., 2024; Elliott and Soifer, 2022; Hargittai, 2007a, 2007b, 2018). Fadden et al., 2024).
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Capacity-building for educators and
learners to engage critically with Al tools

Capacity and institutional readiness

(Framework component: moderating factor — human and institutional capacity)
Practical examples

(a) Teacher professional development in AI pedagogy

Teachers participate in short, modular training programmes that focus not

only on how to use Al tools, but also on how fo question and evaluate them. For
example, educators learn how to:

« Identify algorithmic bias in adaptive learning systems
o Interpret Al-generated feedback critically
« Integrate Al into lesson plans aligned with curriculum outcomes

This empowers teachers to use Al as a pedagogical aid rather than a
replacement for professional judgement.

(b) Learner Al literacy workshops

Students are trained to understand:

« What Al can and cannot do

» How Al systems generate responses

« Ethical issues such as plagiarism, data privacy, and over-reliance

For instance, learners practise comparing Al-generated answers with textbook

explanations, encouraging critical thinking and metacognitive awareness rather
than passive consumption.

(c) Community-based train-the-trainer models

Local educators and youth leaders receive advanced Al training and then
mentor peers within their schools or communities. This model promotes local
ownership, reduces dependency on external experts (Ahiaku et al., 2025), and
ensures sustainability, especially in rural or under-resourced contexts.

Capacity-building transforms AI from a technical intervention into a socially
embedded educational practice, ensuring that both educators and learners can
engage with Al ethically, critically, and meaningfully (Bahroun et al., 2023;
Laupichler et al., 2022; MacNeil et al., 2022).

Conclusion

Als contribution to education is multidimensional, and its
contribution in this study was addressed through the lens of the design
of the AI tools that tend to marginalise students from other countries
and regions due to language, culture, and algorithm biases ignored by
the designer. It is not a matter of infrastructure and access to Al tools,
but the format and design of the tool that does not consider local
nuances (van Dijk, 2006, 2020; Hargittai, 2007a, 2007b, 2018; Selwyn,
2016), thus perpetuating the social inequities (Buolamwini and Gebru,
2018; Barocas and Selbst, 2016). Al presents considerable potential for
advancing educational equity, but this promise is only realized when
its implementation is carefully aligned with local contexts and the
capacities of individuals. To truly harness Al for educational justice
and social inclusion, it is essential to prioritize participatory design
(Baidoo-Anu and Owusu Ansah, 2023; Chakraoui and Kooli, 2025;
Mac Fadden et al., 2024), which ensures that the voices of local
communities are heard and integrated into the development of AI
tools. Additionally, robust teacher training programs must be
established to empower educators with the skills and confidence
needed to effectively utilize Al in their classrooms (Bahroun et al.,
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2023; Laupichler et al., 2022; MacNeil et al., 2022). Emphasizing
multilingual support (Al-Zahrani, 2024b; Bigman et al., 2022;
Bulathwela et al., 2024; Elliott and Soifer, 2022; Hargittai, 2007a, 2007b,
2018) will further enhance accessibility and engagement, allowing
diverse learners to benefit fully from Al innovations. By focusing on
these elements, participatory design, comprehensive teacher training,
and multilingual resources, future initiatives can prevent the risks of
deepening educational stratification and instead foster an equitable
environment where all students can thrive through personalized
learning (McCarthy et al., 2006; Shannon, 1950; Van Dijk, 2017) and
improved academic outcomes and enhanced student engagement
(Hennekeuser et al., 2024; Vieriu and Petrea, 2025) made possible by
Al Future research and policy initiatives must shift toward a context-
sensitive and human-centred approach to Al integration in education.
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