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Abstract

Artificial intelligence (AI) is reshaping higher education worldwide, raising tensions be-
tween efficiency, equity, and autonomy. This paper examines these dynamics in South
Africa and Kenya, two countries that illustrate distinct governance frameworks and in-
frastructural challenges within African higher education. Using qualitative document
analysis of policy frameworks, scholarly literature, and institutional reports, the study
investigates how AI integration offers opportunities for personalized learning, streamlined
administration, and enhanced educational quality, while simultaneously exposing risks
related to algorithmic bias, digital divides, and the erosion of student agency. The findings
show that AI can improve efficiency and enrich student experiences, but without ethical
safeguards it may reinforce existing inequalities and diminish learner autonomy. Through
situating the analysis in South Africa and Kenya, the paper contributes to debates on AI
in education by demonstrating that efficiency gains must be balanced with equity and
autonomy considerations. The study concludes with recommendations for educators and
policymakers on responsible AI adoption, emphasizing ethical literacy, inclusive infrastruc-
ture, and participatory approaches to ensure that technological innovation enhances rather
than undermines social justice in higher education.

Keywords: AI-driven education; equity; efficiency; autonomy; digital divide; algorithmic
bias; inclusive education; personalized learning

1. Introduction
Artificial intelligence (AI) has profoundly revolutionized the institutions of higher

learning globally, reshaping education, administration and organizational governance in
ways that seemed inconceivable years ago. During this epoch, AI systems have advanced
from simple rule-based applications to mature machine learning platforms that allows
revolutionary education, predictive analytics as well as automated feedback (Zawacki-
Richter et al., 2019; Ritter et al., 2016). The attraction of AI is not only based on its technical
aspects but also on the capabilities to modernize education, the optimal use of resources
as well as the extension of access to high-quality educational opportunities (Pedro et al.,
2019; McLaren et al., 2022). In the same breath, the internationalization of pedagogical
data mining, intelligent tutoring systems and educational analytics platforms has been
intensified globally, with all of them being focused on attaining instructional efficiency,
individualization of education processes and the advancement of shared decision-making
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processes in universities (Ocumpaugh et al., 2014; Paquette et al., 2020). As Garzón et al.
(2025) emphasize, “AI in education is increasingly conceptualized as a strategic tool for per-
sonalization and efficiency, but its ethical and equity implications remain underexplored”.
This dual nature of the issue, therefore, calls for a critical inquiry into the adoption of AI
in different settings, especially in countries such as South Africa and Kenya, which have
different infrastructural and governance challenges. Through situating the analysis in these
countries, this article clarifies both the promise and the risks of AI integration, ensuring
that efficiency gains are examined alongside equity and autonomy concerns.

In the academic and policy debates, enthusiasm about the capacity of AI has been
balanced by concerns about its sociotechnical impacts. For instance, Mehrabi et al. (2019)
and Mitchell et al. (2021) have pointed to the potential bias and lack of transparency in AI,
as well as the issue of equity of access. Ramineni and Williamson (2013) have demonstrated
how the use of automated scoring in AI can reinforce existing inequalities, while Paullada
et al. (2020) have emphasized the importance of transparency in the design of algorithms.
In addition to the issue of bias, there are also the more traditional issues of equity of access,
such as the digital divide. Czerniewicz et al. (2020) found that, in South Africa, only 60%
of students in historically disadvantaged universities reported access to the internet, in
contrast to over 90% in historically advantaged universities. In Kenya, while the penetration
rate of mobile phones is high, only 35% of the population reported access to the internet in
2024. There are also large differences in access between urban and rural areas, with 56.6%
of households in urban areas reporting access, compared to 25% in rural areas (Kenya
National Bureau of Statistics, 2024; DataReportal, 2024). These are examples of how the use
of AI cannot be disassociated from the issue of equity in infrastructure and governance.
In the literature, Peña-García et al. (2026) have emphasized the importance of dialogic
reflection in order to “mitigate algorithmic bias and ensure inclusive AI in education”.

The aforementioned risks of bias and inequality in AI-mediated education are further
complicated by the issue of student autonomy and pedagogical agency. As Smith (2020)
and Mayfield et al. (2019) warn, algorithmically mediated learning environments threaten
to diminish human agency and transform power dynamics in a way that undermines
democratic engagement. Experimental studies confirm that AI-based decision making
can unintentionally replicate social disparities, particularly when conditioned on unbal-
anced datasets or deployed without contextual safeguards (R. S. Baker & Hawn, 2022;
Bird et al., 2025; Idowu, 2024), while predictive models used to assess student success and
allocate resources have revealed racial, gender, and socioeconomic differences (Boateng &
Boateng, 2025; Ferrero & Barujel, 2019). Noble (2018) and Benjamin (2019) further show that
algorithmic systems reproduce historical biases embedded in data infrastructures, perpetu-
ating exclusion rather than inclusion, and Adamakis and Rachiotis (2025) warn that “AI
literacy must extend beyond technical skills to include ethical literacy and metacognitive
engagement”. Evidence from South Africa reinforces this point, as Mhlanga et al. (2022)
demonstrate that universities’ rapid digital transformation during COVID-19 revealed
“deep systemic inequalities in access and participation”, while Patel and Ragolane (2024)
and Mogoale et al. (2025) show that adoption remains unequal, with well-resourced uni-
versities leading the way. In Kenya, lecturers highlight both opportunities for personalized
learning and concerns about ethical use and infrastructural readiness (Maluleke, 2025;
Olteanu et al., 2019; Soundarajan & Clausen, 2018). Taken together, these insights showcase
that efficiency, equity, and autonomy must be understood as interconnected dimensions of
AI adoption, requiring deliberate policy safeguards and pedagogical strategies to ensure
that technological innovation enhances, rather than erodes, human agency and social justice
in higher education.
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Despite growing scholarship, much of the research on AI in education remains concen-
trated in high-income contexts, overlooking the unique challenges faced in regions where
infrastructural barriers and socioeconomic inequalities shape adoption trajectories (Conati
et al., 2015; Okur et al., 2018). South Africa and Kenya provide critical case studies to ad-
dress this gap, as their distinct governance frameworks and resource constraints illustrate
how AI integration unfolds differently across African higher education systems. South
Africa’s centralized higher education system, with its entrenched structural disparities,
illustrates how AI can both streamline administration and exacerbate divides. Kenya’s
decentralized ecosystem, characterized by community-led edtech initiatives and mobile
learning platforms, demonstrates both innovation and infrastructural constraints (Patel
& Ragolane, 2024; Mogoale et al., 2025; Maluleke, 2025). Maluleke (2025) observes that
“AI adoption in African higher education presents both opportunities for accessibility
and risks of deepening inequities if ethical safeguards are not prioritized”. These cases
were selected to foreground the interplay between global technological imaginaries and
local educational realities, while highlighting the distinct governance frameworks and
infrastructural conditions of South Africa and Kenya and avoiding the homogenization of
African contexts.

Drawing from these contextual differences, this article critically examines how AI-
driven educational reforms in South Africa and Kenya negotiate the tensions between
efficiency, equity, and autonomy. Efficiency reflects institutional and instructional gains fa-
cilitated by AI systems; equity concerns access and inclusion, particularly for marginalized
groups; and autonomy relates to learner agency and pedagogical freedom (Kohnke & Za-
ugg, 2025; Cullen & Oppenheimer, 2024). Rather than treating these dimensions as discrete,
the paper conceptualizes them as co-constitutive values that must be balanced to foster
democratic, inclusive, and effective learning environments. By situating the analysis in
South Africa and Kenya, the study contributes to broader debates on AI in education across
the Global South while offering policy, pedagogical, and institutional recommendations
for equitable adoption. In doing so, it extends existing theories of technological determin-
ism and critical pedagogy by applying them to African higher education contexts, thereby
clarifying both the opportunities and risks of AI integration in diverse institutional settings.

The present study extends prior reviews by situating the tensions between efficiency,
equity, and autonomy within a multilevel framework that integrates technological, peda-
gogical, and ethical dimensions. It seeks to answer four guiding questions:

1. How does AI integration in higher education in South Africa and Kenya negotiate the
tensions between efficiency, equity, and autonomy?

2. In what ways do contextual factors shape the opportunities and risks of AI adoption
in these countries?

3. How do algorithmic bias, the digital divide, and resource inequities intersect to
influence student agency, institutional practices, and policy outcomes?

4. What lessons from South Africa and Kenya can inform broader debates on AI in
education across the Global South?

Through addressing these questions, the study contributes to the global conversation
on equitable and responsible AI adoption in education, while offering contextual insights
for South Africa and Kenya as they navigate the intersection of innovation, governance,
and social justice.

2. Theoretical Framework
2.1. Technological Determinism and Critical Pedagogy

In the AI-oriented environment of higher education, conflicts between autonomy, effi-
ciency, and equity persist, which is a complicated field of interference. A thorough analysis
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would thus demand theoretical prisms, which explain how these dimensions influence
institutional practice. This article is based on two interrelated theories of technological
determinism and critical pedagogy (Hauer, 2017; Finley, 2023; Blake et al., 2003, p. 38;
Kincheloe et al., 2011; Shneiderman, 2022; Riedl, 2019, p. 33).

2.2. Technological Determinism

Technological determinism is a theoretical model first developed by Veblen (1921)
before being later elaborated by McLuhan (1964) who hypothesized that technology innova-
tions have a hegemonic impact on the social order and drive social change, often increasing
the efficiency beyond anything previously seen. This theoretical framework anticipates
the use of artificial intelligence in the restructuring of higher education ecosystems in the
context of AI-driven education, by automated routine processes, simplifying administrative
procedures, improving pedagogical performance, and maximizing resource distribution
(Luckin & Holmes, 2016). Recent empirical studies conducted by Kamalov et al. (2023) and
Vieriu and Petrea (2025) support this thesis by showing that AI can save money, expand
the opportunity to access high-quality educational materials, and introduce flexibility in
the work of the administration. Through the utilization of machine learning algorithms,
AI-powered applications can alter the learning content to meet the personal requirements
of students to enhance academic outcomes and enhance the engagement of learners (Luckin
& Holmes, 2016). However, the literature warns against changing into an over-dependence
on AI tools that may focus more on algorithmic products and less on critical thinking,
creativity and autonomy of learners. Data-privacy-based ethical issues and algorithmic
transparency are provided as key challenges associated with the use of AI. In turn, the
successful adoption of AI pedagogical solutions should be marked by the desire to create
holistic and equitable educational results so that technological progress can become the
source of an inclusive change but not a divisive one (See Figure 1 below).

Figure 1. Technological determinism (Diagram created by Sevhake & Hofisi, 2026; adopted from
Wyatt, 2008). The dashed oval delineates the micro-micro sociotechnical boundary within which
artefact or system design occurs. The horizontal bidirectional arrows illustrate the mutual influ-
ence between what is technically possible (technically determining) and what is socially desirable
(societally determining) deterministic potentiality. (Adapted from Wyatt, 2008).
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2.3. Critical Pedagogy

Critical pedagogy, as founded by Freire (1970), states that education was never neu-
tral but incorporated with power relations that impact access to opportunities and foster
exclusion. In connection with AI in higher education, this framework explains how al-
gorithmic systems risk establishing structural differences or gaps rather than eradicating
them completely. Noble (2018) and Benjamin (2019) demonstrate that AI systems often
reproduce biases that are inherent in educational datasets, thus perpetuating inequalities
that disadvantaged groups have traditionally experienced. However, R. S. Baker and Hawn
(2022) highlight that such issues can be addressed if there is clear monitoring of algorithmic
decision making. Such concerns are supported by Garzón et al. (2025) in their systematic
review of AI in education settings that highlights that ethical issues, infrastructure inequal-
ities, and resistance to AI by teachers are already impacting inequalities in AI adoption.
Similarly, Adamakis and Rachiotis (2025) highlight that AI literacy needs to move beyond
technological literacy to include ethical literacy and metacognitive engagement with AI sys-
tems, arguing that over-reliance on AI generation tools has the capacity to create “cognitive
debt” that impacts creativity and autonomy. Overall, such research reaffirms the premise
of critical pedagogy that power relations need to be interrogated in terms of technology
use and that justice-based innovation is required to ensure that AI is aligned with inclusive
educational goals.

The trade-offs between the demands of efficiency, equity, and autonomy in the use of
AI in education can be seen in the African higher education systems, where structural and
attitude-related barriers play a role in the integration of technology in these systems. Ertmer
(1999) identified first-order and second-order barriers in the integration of technology in
education, where the former refers to the more structural issues and the latter refers to the
beliefs of the teachers, where “confronting second-order barriers requires challenging one’s
belief systems and the institutionalized routines of one’s practice” (p. 48). This is also in
line with the arguments of Pleasants et al. (2023) that teachers need “technoskepticism” in
the critical evaluation of the use of technology in the classroom. In South Africa, the per-
sistent inequalities in internet access between historically advantaged and disadvantaged
universities (Czerniewicz et al., 2020) illustrate the ways in which AI can further entrench
the digital divide, while in Kenya, educators demonstrate both optimism and worry in
relation to the use of generative AI, highlighting the potential for personalized learning as
well as ethical and infrastructural concerns (Garzón et al., 2025). From the perspective of
critical pedagogy, these processes require the development of participatory approaches in
which AI is co-designed with students, educators, and the broader community to prioritize
transparency, accountability, and equity. As Adamakis and Rachiotis (2025) argue, “AI is
neither emancipatory nor oppressive in and of itself, but rather a ‘technology of selection
whose impact depends on the deliberate choices of educators, institutions, and learners’”
(p. 2). The integration of AI literacy programs that emphasize the development of critical
thinking, ethics, and self-regulated learning is thus imperative to ensure that learners do
not become passive recipients of AI outputs but rather become active agents of their own
learning trajectories.

2.4. Defining Efficiency, Equity, and Autonomy in AI-Enhanced Higher Education

Efficiency within AI-driven education is defined as the optimization of organizational
and instructional processes through automation, personalization and predictive analyt-
ics. Adamakis and Rachiotis (2025) state that AI systems have the potential to automate
the grading process, simplify the administrative functions, and customize the learning
pathways, thus decreasing the workload of instructors and redistributing the resources to
pedagogy and academic research.
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These insights echo the principles of technological determinism, which believes that
technology is a leading agent of systemic change by increasing its productivity and re-
structuring of the way education is conducted. However, it is also possible that, by going
after efficiency without expressly focusing on equity or autonomy, one creates a tendency
towards standardization and stifles creativity. Therefore, the concept of efficiency would be
placed within the framework as the so-called promise of AI, but it will require some moral
protection to avoid divisive consequences of it (See Figure 2 below).

Figure 2. Percentage Distribution of Efficiency, Equity, and Autonomy in AI-Enhanced Higher
Education (Georgieva et al., 2025).

Equity refers to equitable accessibility, inclusion and justice in AI-based learning
spaces. As Cotilla Conceição and van der Stappen (2025) describe, AI has the potential to
be inclusive, however, in the absence of culturally responsive safety nets constructed, AI
can be propagating the same injustices as current systems do. This is also supported by
Chick (2025), who claims that fair AI should be designed as participatory and have ethical
frameworks to minimize biases embedded in the algorithms. According to the critical
pedagogy perspective AI plays a central role in education. As Freire contends, education is
not (and can never be) neutral and this argument has a direct connection to AI; algorithms
have the potential to reproduce historical biases embedded in data archives. In South Africa
and Kenya, loopholes in the coverage and the availability of internet and infrastructure
demonstrate that AI is likely to create a larger divide unless equality is made a priority.
Therefore, equity is a justice-based opposition against technological determinism. It makes
sure that efficiency gains are not subjected at the expense of marginalizations.

Autonomy refers to the preservation of learner agency, critical thinking, and pedagog-
ical freedom in AI-mediated environments. Niu et al. (2024) explained that the concept
of AI-based education in embracing the role of autonomy is the ratio of the learners to
personalization, while predictive analytics poses a threat of the learners becoming passive
receivers of information. Adamakis and Rachiotis (2025) explained that the concept of
AI literacy is to be tackled as not only technical but also ethical in nature because it is
essential to ensure that the learners are active participants in the learning process but not
products of the algorithms of the AI systems themselves. Autonomy, in turn, is connected
to the framework because it is the relationship between technological determinism, which
is based on the efficiency strengths of the technology, and critical pedagogy, which is based
on the empowerment of the learners and the presence of democracy in the learning process
itself. The absence of autonomy would result in the use of AI reducing education to a mere
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mechanism that would not only comprise the ideas of creativity but would also not be a
threat to the innovation that is focused on humanity itself.

Collectively, the three variables of efficiency, equity, and autonomy constitute the co-
constitutive value of AI adoption in higher education. Technological determinism justifies
the need to ensure efficiency, while critical pedagogy analyzes the concept of equity and
autonomy to ensure justice. In the case of South Africa and Kenya, where the two variables
of infrastructure and governance determine the AI adoption process, the need to balance the
variables arises. Thus, the framework indicates that AI adoption neither has emancipatory
nor oppressive potential but is instead a “technology of selection whose impact depends
on deliberate choices” (Adamakis & Rachiotis, 2025).

3. Literature Review
3.1. Foundations and Evolution of AI in Education

Artificial intelligence in education (AIED) is based on the intersection of cognitive
science, computer science, and educational theory. Since the beginning of the mid-twentieth
century, AI aimed to rationalize the thinking of humans by artificial systems that could
think, learn, and solve (Boden, 2018). These capabilities were first utilized in education
through expert systems and intelligent tutoring services that automated the interaction of
an educator in structured environments to support learners (Nwana, 1990; Kulik & Fletcher,
2016). With the development of AI, adaptive algorithms, natural-language processing, and
predictive analytics have become a broad spectrum of its usage in the education sphere and
not just rule-based systems. Pedagogical practice was transformed by such technologies
through such means as individualized learning pathways, automated assessment, and
instant feedback (Murtaza et al., 2022; Lin et al., 2023). The concept of strong versus weak AI
has remained central to this trend, where present-day artefacts of education seem to demand
an embodiment of the latter, namely purpose-specific systems being designed to optimize
discrete educational processes (Kajiwara et al., 2023; Taddeo et al., 2022). This paradigm
shift has triggered subsequent increasingly complex AI-based educational systems, which
not only hold greater instructional effectiveness but also anticipate important concerns on
the issue of autonomy and equity in the learning curriculum design.

In the past decade, lock-page transformations in artificial intelligence in education
(AIED) have become particularly high due to the dramatic technological capabilities, global
crisis, and changing educational concepts. Bibliometrical studies show that there has been a
dramatic increase in academic production after 2017 that accompanies the development of
generative AI and the digital changes brought about by the COVID-19 pandemic (Hinojo-
Lucena et al., 2019; Dwivedi et al., 2020; N. Wang et al., 2024). Some of the existing uses
include intelligent tutoring systems, game-based learning environments, socially interactive
robots, as well as AI-based learning management systems (Singh et al., 2025; Oliveira et al.,
2023; H. L. Chen et al., 2020). This diversification shows a more epistemic change, since
now AI is not only used as a necessary instrumental instrument, but it is also a co-author
of the learning experience. However, the fast rise of AIED has also revealed significant
theoretical and ethical deficiencies simultaneously. Critics note an absence of coherence in
the directive structures, inadequate implementation of the critical pedagogical theory, and a
disproportional distribution of attention to such problems as bias and inclusion and learner
autonomy (Selwyn, 2022; Kucirkova & Leaton Gray, 2023; Slimi & Carballido, 2023). In the
context of increasingly mediated pedagogical decision making by AI systems, the need to
increase efficiency through equity and autonomy grows. This torsion underscores the need
to have policy and institutional designs that prospectively anticipate ethical stewardship,
the principle of democratic learning and pedagogical innovation, which are issues that this
article attempts to explore.
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3.2. Regulatory Frameworks for Ethical AI Application in Education

In South Africa, the Presidential Commission on the Fourth Industrial Revolution
Notice 591 of 2020 (PC4IR) outlined various regulatory frameworks that guide the use
of AI in higher learning institutions (O’Sullivan et al., 2019, p. 1968; Prem, 2023). The
policy frameworks that are being debated are designed in such a way that they promote
inclusivity and at the same time enhance operational effectiveness. The establishment of the
Artificial Intelligence Institute of South Africa (AIISA) in 2021 was a strategic intervention
in the country of South Africa aimed at shaping AI governance in the education sector
(Chilunjika et al., 2025). The mandate of the Institute includes the alignment that the new
AI frameworks have with the national education goals and that they proactively curb the
inequalities in higher education (O’Sullivan et al., 2019, p. 1968; Prem, 2023). Along with
these efforts, the introduction of the Protection of Personal Information Act (POPIA) in
2013 provides a legal framework to support data protection and establish the regulatory
framework of AI implementation in the educational setting. Kenyan officials have also
implemented a rigorous set of regulatory tools that can be used to control the use of AI in
the education field (Baraza et al., 2022). The Digital Economy Blueprint of 2019 clarifies
the future of the integration of AI in institutions of higher learning, which anticipates the
eradication of the digital divide and promotion of collective, participatory decision-making
processes as the key strategic priorities (Baraza et al., 2022; Research ICT Africa, 2021). The
Kenya Data Protection Act implemented in 2019 outlines frameworks that guide the use
of AI in education and how institutions must protect data and enact rigorous measures
to combat issues of ethicality (Research ICT Africa, 2021). Unlike South Africa, Kenya
commissioned a huge task force on blockchain and AI use to develop policies that promote
the use of AI in education in a lawful way and tackle issues of bias.

3.3. Efficiency and Optimization in AI-Driven Learning

The integration of the artificial intelligence system into learning systems has been
widely promoted as one of the methods to increase efficiency, simplify educational pro-
cesses, and reduce the workload. Intelligent tutoring systems (ITSs) such as those reviewed
by Mousavinasab et al. (2021) have been central to this change, providing automated
feedback, dynamic learning pathways, and monitoring of learner performance, reducing
the workloads of educators and improving the performance of learners. Machine learn-
ing models are becoming more robust to support these systems by adjusting the content
delivery and maximizing real-time decision making (Kurilovas, 2019). In the academic
sector, AI devices have been used to automate grading, monitoring student performance,
and operations of the administration, which have consequently redirected institutional
resources toward teaching and learning (Alamri et al., 2020; Jeong et al., 2012). The Binary
Bat algorithm (Mirjalili et al., 2014), Monarch Butterfly Optimization (G. Wang et al., 2019),
and Whale Optimization Algorithm (Mirjalili & Lewis, 2016) are also optimization methods
that are used to optimize the instructional parameters and make the systems more receptive.
These changes are examples of greater dependence on the computational efficiency ability
to solve a variety of problems with scalability, cost mitigation, and even flow of instruction
throughout a variety of learning settings. The latest AI-based tools have enhanced regular
programming processes, including debugging and code annotation, thus enabling students
to concentrate more on advanced problem-solving analytical skills (Zviel-Girshin, 2024).

However, the idealistic quest for higher efficiency by means of artificial intelligence
generates intricate implications of equity and autonomy in the educational domain. Schol-
ars like X. Chen et al. (2018) and Xing and Du (2019) point out that, although predictive
analytics and precision-learning paradigms are effective in identifying at-risk students,
there is a danger that they will create artificially high benchmarks of standardization at the
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cost of creative and analytical abilities. In novel multilingual, socioeconomically hetero-
geneous settings that typify the South and Nigeria, AI-generated teaching resources and
entirely automated, never-heuristic assessment systems threaten to marginalize cultural
plurality and limit the role of teachers in supporting inclusive pedagogy (Cavanagh et al.,
2020; Celik et al., 2022). The scarcity of strict regulatory systems within many states in
Africa only increases the alarming aspects of algorithmic bias, data privacy, and ethical
application of algorithms, which are more strictly regulated in regions like the European
Union (T. Baker et al., 2019). Since AI is increasingly integrated into academic institutions
to streamline pedagogical delivery and administration, there is a need to ensure that such
technologies are implemented with safeguards to maintain the integrity of pedagogy and
social justice. This cannot be done with long-term technological improvement but also the
creation of policy tools that support ethical stewardship, explicability, and responsible use
of AI as a supplement to human-centered teaching (Ntsobi et al., 2025).

3.4. Equity, Bias, and Inclusion in Algorithmic Systems

The growth of algorithmic processes in education has fostered more criticism on
how the processes are perceived to impact equity, fairness, and inclusion. Researchers
have raised concerns that data-driven decision making, even at its most efficient level, is
often replicative of old social issues in its opaque biases and exclusionary mechanisms
(Zeide, 2017; Ntoutsi et al., 2020). Student performance models that predict performance or
automated assessment systems, as discussed by Bird et al. (2025) and Chai et al. (2024), have
the integrity to predict performance and are usually based on historical datasets, which
encode racial, socioeconomic, and linguistic differences to promote structural disadvantage.
According to R. S. Baker and Hawn (2022), the notion that algorithmic bias in education is
a technical flaw is flawed since it is a more fundamental problem to institutional practices
and data infrastructures, which disregard the heterogeneity of contexts. Binns (2018, 2022,
2024) relies on political philosophy to argue that algorithmic fairness should be based
on normative concepts of justice, such as the difference principle and the need to have
individual judgment within the automated loops. Holstein and Doroudi (2021, 2022) also
caution that AI in education can only increase inequities unless it is specifically designed
to decrease them, specifically in the context of learning institutions where students face
the effects of systemic barriers. It is more complicated in multilingual and heterogeneous
societies like South Africa and Ghana because the risk of demonstrating cultural diversity
soon and losing an inclusive pedagogical practice is increased by algorithmic systems
(Takyi et al., 2021; Cavanagh et al., 2020).

Sociotechnical aspects and governance solutions to prejudice in the algorithm have
begun to lead to the effort to build more accessible, understandable, and participatory
designs of an algorithmic research domain. As Barnes and Hutson (2024) point out, ex-
plainability is extremely instrumental in building trust and accountability, particularly in
the high-stakes education learning setting. Khosravi et al. (2022) support explainable AI
(XAI) as a tool to empower educators and learners with practicable information, but the
researchers also present deliberative tools, including value cards, to support positive ethical
thinking about the effects of machine learning (Shen et al., 2021). Inclusive AI, such as
that of Oyetade and Zuva (2025), is meant to bring teachers to higher literacy rates and
alleviate bias based on cultures through culturally responsive design. Bao et al. (2026)
present empirical data that AI has the potential to promote gender equality in the learning
process in certain circumstances, but they advise that any benefits of AI are determined by
cautious system design and sensitivity to context. According to scholars like Karumbaiah
and Brooks (2021) and Gaskins (2022), algorithmic injustices often recount colonial legacies
and speculative fantasies that should be subjected to skepticism. The OECD (2021) and
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UNESCO frameworks are aimed at the establishment of strong policy interventions to make
the deployment of AI in education appropriate to the postulates of equity and democratic
involvement. With the rise of the algorithmic system as part of the institutional decision-
making process, the need to balance technological innovation with ethical governance and
inclusive pedagogy continues to be the focus of the future of educational change. Within
educational environments, algorithms often support the existing social inequalities. Due
to inappropriate consideration of local contexts, the use of standardized monitoring and
evaluation usually aggravates disparities instead of reducing them (Carvalho et al., 2023).

3.5. Student Autonomy in an AI-Augmented Educational Landscape

The adoption of artificial intelligence in higher education institutions has led to a
re-evaluation of learner autonomy, especially as AI technology is playing an increasingly
relevant role in mediating the instruction process, assessment, and interaction. Even
though AI-powered platforms like ChatGPT and intelligent tutoring systems provide
personalized learning paths and real-time feedback (Duong et al., 2023; H. L. Chen et al.,
2020), researchers have serious concerns that the systems reduce agency among learners
by introducing algorithmic decision making into the pedagogical procedures (Kaas, 2024;
Popenici & Kerr, 2017). Self-regulated learning and critical participation were historically
associated with the notion of autonomy, which is threatened by data-based optimization in
which learners are guided to preforeseen results through predictive analytics (Prinsloo &
Slade, 2016; Darvishi et al., 2024). As Taub et al. (2020) demonstrate, the realm of learner
agency affects affective engagement and problem-solving behavior in a significant way,
while AI systems tend to focus on efficiency at the cost of exploratory learning. Furthermore,
composition and design tasks executed using generative AI tools, even though offering
benefits in terms of creativity, can also be associated with relocating control to the system,
casting the issue of authorship, ownership, and epistemic autonomy in challenged terms
(Han et al., 2024; Imran & Almusharraf, 2023). The ability of learners to achieve substantive
control within the environment enhanced with artificial intelligence can be based on the
capacity to critically interrogate the results of AI to retain their personal agency and
autonomy (Alm, 2024).

The urgency to protect and support the autonomy of students in AI-enhanced class-
room settings has precipitated the creation of the human-centered model of AI augmen-
tation with the central principle of effective transparency, co-agency, and ethical design
assumptions. Researchers such as Renz and Vladova (2021) and Holmes et al. (2022)
promote participatory modalities by making students active creators in the process of
building their learning pathways, rather than inactive receivers of algorithmic output. The
issue of situational autonomy, discussed by Salikutluk et al. (2024), highlights the need
for situational flexibility in human–AI interaction, whereby learners can maintain their
decision-making autonomy even when acting in organized environments. The support
of multilingual learners and culturally heterogeneous classes should also be focused on
translingual and transcultural skills (AI tools should deal with both translingual and tran-
scultural competencies), otherwise autonomy between the learners is confined by linguistic
or algorithmic prejudice (Kunschak, 2021; Harrison et al., 2013). Williamson et al. (2020)
posit that making education more datafied can lead to the loss of autonomy because it
presents students not as holistic learners but rather as data subjects; a view that is similarly
expressed concerning surveillance-based learning analytics. To balance technological ad-
vancement with pedagogical integrity, higher education institutions will have to implement
governance structures that enhance the rights of the students, securing informed consent
and with substantive choice, which are crucial in maintaining autonomy in the changing
world of AI-driven education.
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4. Methodology
This study employed a qualitative research design based on document analysis, which

suits the investigation of policy frameworks, academic discussions, and institutional reports
on AI in higher education. Document analysis allows systematizing the comprehension of
the text to detect discursive configurations, the organized forms in which AI adoption is
articulated, and the contradictions that emerge between efficiency and equity and autonomy
(Bowen, 2009). The studies that were included in the literature reviewed encompass national
policy documents (e.g., Presidential Commission on the Fourth Industrial Revolution by
South Africa, Digital Economy Blueprint in Kenya), peer-reviewed articles and systematic
reviews (Zawacki-Richter et al., 2019; Garzón et al., 2025), and empirical investigations
of infrastructural inequality (e.g., Czerniewicz et al., 2020; Mhlanga et al., 2022). These
sources were chosen on the grounds of being directly involved in the crossover of efficiency,
equity, and autonomy in African higher education. Inclusion criteria included publications
between 2013 and 2025 that directly touched on AI in education or on governance in
South Africa and Kenya but exclusion criteria removed those which were restricted to
high-income settings as well as the ones that only involved technical AI development
without application to education.

A thematic coding strategy was employed to analyze the data based on the known
qualitative approaches. Thematic coding was facilitated using NVivo (version 14, QSR
internationally Pty Ltd., Burlington, MA, USA). No physical equipment or instruments were
deployed because the research followed a qualitative document analysis using secondary
data. Moreover, the data was inductively coded using open coding (Strauss & Corbin,
1998) with recurring concepts such as: digital divide, algorithmic bias, and student agency
identified in the data and deductive coding applied to align the findings to the theoretical
perspectives of determinism and critical pedagogy. The categories were mapped to the
bigger themes of efficiency, equity, and autonomy through axis coding (Saldaña, 2016),
and these were incorporated into a more coherent framework by using selective coding
(Creswell, 2014); this placed AI acceptance in the context of justice-oriented pedagogical
discussions. The study also integrated the triangulation technique to improve the rigor,
which compared the information on policy texts, academic literature, and empirical research
to make sure that there were validity, transparency and uniformity in decoding. The
iterative nature of this process provided the descriptive and interpretive character of the
findings concerning how the contextual factors in South Africa and Kenya determine the
opportunities and threats of AI introduction into higher education.

5. Findings and Discussion
5.1. Coding Process and Category Development

The findings were derived through a systematic coding process applied to policy
documents, institutional reports, and scholarly literature from South Africa and Kenya.
Using thematic analysis, the data were coded into three overarching categories: efficiency,
equity, and autonomy. Each category was further broken down into sub-themes that
reflected recurring patterns in the evidence. For example, references to automated grading
and predictive analytics were coded under efficiency gains, while discussions of internet
access disparities were coded under equity risks. Similarly, concerns about reduced student
agency in algorithmically mediated learning environments were coded under autonomy
constraints. This coding process ensured transparency in how raw data were transformed
into analytical insights.

Table 1 illustrates the coding stages, emergent concepts and supporting used in the
qualitative analysis.
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Table 1. Coding and theme development process.

Coding Stage Emergent Concepts Supporting Sources

Open coding Automation, algorithmic bias,
learner agency

Duong et al. (2023); Ng et al.
(2023); Noble (2018)

Axial coding Efficiency, equity, autonomy Luckin and Holmes (2016);
Freire (1970); Kaas (2024)

Thematic synthesis Institutional optimization, fairness
challenges, student agency

Mhlanga and Moloi (2020);
Fazelpour and Danks (2021);
Renz and Vladova (2021)

5.2. Efficiency Gains and Pedagogical Trade-Offs

The results showcase that efficiency is one of the most prevalent or visible byproducts
of AI adoption within universities. For instance, intelligent tutoring systems, digital
tools (ChatGPT-4o mini, Germini 2.0 Flash AI, Open Scale AI) and AI-based grading
system all have enhanced the efficiency of pedagogical delivery, feedback generation
and administrative processes (Duong et al., 2023; Ng et al., 2023). Luckin and Holmes
(2016) reveal how AI can tailor learning content to suit individual students’ needs, which
can improve engagement and learning outcomes. This shows the transformative power
of AI adoption in higher education, especially considering that there are large student
populations to cater to. These changes can be seen as part of technological determinism,
which argues that technology is inevitable and must be used to transform institutions.
However, it has also been shown that these processes come with various trade-offs. Taub
et al. (2020) uncovered that the adoption of AI, especially feedback generation, can reduce
metacognitive reflection and critical engagement, which can result in shallow engagement.
Freire (1970) argues that “education is never neutral but embedded within power relations”,
relating to how AI adoption can reduce dialogic learning and student engagement to favor
efficiency. The evidence suggests that AI adoption has improved efficiency, but it can
reduce the emancipatory potential of higher education, especially considering that these
institutions are already constrained (See Figure 3 below).

Figure 3. Comparative gains (Czerniewicz et al., 2020).

5.3. Algorithmic Bias and Equity Challenges

Equity emerged as the most debated area in scholarship regarding AI adoption in
higher learning institutions globally. The findings revealed that AI has the immense
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potential to establish or deepen already existing inequalities. Within South Africa Mhlanga
and Moloi (2020) reports that the technological revolution during the COVID-19 pandemic
has uncovered deep-seated inequalities within the system. Klaasen (2023) also indicates that
the use of AI-based assessment technologies has linguistic biases that function against those
who do not utilize English as their first language. Furthermore, the research showcases
that the application of historical enrollment data by AI-based tools has the potential to
worsen inequalities that were established during the epoch of the apartheid regime. This
has caused major divisions among the privileged and unprivileged universities. Despite
the Protection of Personal Information Act (South Africa, 2013) outlining the provisions
for protection of information in South Africa, there is no provision to tackle the issue of
fairness. In Kenya, the use of AI-based tools to allocate scholarships has resulted in the
unfair allocation of resources to urban and economically advantaged students (Fazelpour
& Danks, 2021). In addition, the use of Western-based criteria has resulted in the unfair
evaluation of rural students (Angwaomaodoko, 2025). This has been made worse by the lack
of adequate infrastructure and AI regulation. Noble (2018) indicates that “algorithms are
not neutral; they reflect the values and assumptions of their creators”, which indicates the
need for equity-focused governance frameworks to prevent the reproduction of historical
socioeconomic exclusion.

The conceptual framework illustrating the interplay between AI integration, equity,
and historical exclusion in higher education is presented in Figure 4. It draws on the
perspectives of Maluleke (2025), Harrison et al. (2013), and Klaasen (2023).

Figure 4. Conceptual framework (Maluleke, 2025; Harrison et al., 2013; Klaasen, 2023).

5.4. Student Autonomy and Human–AI Collaboration

One of the most important findings in this article pertains to the rise of student
autonomy in AI-mediated learning environments. Such learning environments have a
significant impact on the behavior of learners, as AI systems increasingly use predictive
analytics to “nudge” learners in specific ways, thus influencing their actions (Darvishi et al.,
2024; Yin et al., 2025). Although such learning environments can be beneficial for learners in
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terms of enhanced performance and task optimization, they can have a detrimental impact
on student autonomy and independent learning. Kaas (2024) reveals that “algorithmic
logic is gradually becoming the basis for decisions, gradually replacing the judgment of
the human brain, thus limiting the space for independent thinking and creativity”. From a
pedagogical perspective, the findings of this article point to a paradigm shift in the learning
landscape, as the locus of control in learning environments has moved away from both
the learner and the educator to the algorithm. The findings of the article, thus, point to
the need for a human-centered approach to AI, in which learners have the autonomy to
doubt, question, and even disregard the recommendations of the AI system. As Renz and
Vladova (2021) assert, “agency in educational technology needs to be transmitted through
human-centered AI, addressing contestability and learner autonomy”.

5.5. Case Study Evidence: South Africa and Kenya

The comparative results indicate that the process of AI adoption in higher education
is currently gaining momentum both in South Africa and Kenya, yet the factors influencing
non-adoption vary in magnitude and effect. For instance, in South Africa, the use of AI
in admissions and placement in higher education disadvantages students from poorer
and English-speaking schools. The marginalized students, particularly those whose first
language is not English, are at a greater disadvantage. This is supported by empirical
evidence that shows that 92 percent of students in historically advantaged universities
experience stable internet access compared to only 58 percent in disadvantaged universities,
which shows the deep-seated digital divide that impacts the use and adaptation of AI in the
country. This is further compounded by the use of historical enrollment data that recreates
historical apartheid inequalities and the absence of effective mechanisms for algorithmic
fairness in the law, as evidenced in the Protection of Personal Information Act (South
Africa, 2013). Patel and Ragolane (2024) assert that the design of AI must be multilingual
and fair to drive education reform in post-apartheid South Africa. Mateko et al. (2025)
further argue that digital inequality is not only about access but rather a structural issue
that mirrors historical divides and must be considered in the design of AI for the future of
higher education in South Africa.

In Kenya, exclusion mechanisms can be seen in the pattern followed in the allocation
of scholarships since algorithms are more exclusionary of the urban learner with high
access to academic and extracurricular resources (Angwaomaodoko, 2025; Fazelpour &
Danks, 2021). Statistics also show that there is an infrastructure gap in terms of internet
usage in Kenya, given that, in 2024, while 95+ percent of Kenyans had access to mobile
networks, only 35 percent of the population had access to the internet, with 56.6 percent
of urban populations compared to 25 percent in rural areas (Kenya National Bureau of
Statistics, 2024; DataReportal, 2024). These infrastructure gaps will affect the adoption
of AI in education, thus exacerbating the digital divide in online learning adoption in
the country. Kizilcec and Lee (2022) and Cullen and Oppenheimer (2024) argue that
ensuring algorithmic fairness in education requires the effective application of concepts of
statistical, individual (similar), and causal fairness because, in most cases, these algorithms
exacerbate inequality in society. In the Kenyan context, while there is a commitment to
adopting AI in an inclusive manner through the Digital Economy Blueprint (2019), there
is no mechanism to address issues of bias in the adoption of AI, thus leading to issues
of governance, as Onyango (2025) argues that there is a need to develop context-specific
governance frameworks to ensure that there is enforcement of fairness and transparency
in the adoption of AI, thus the need to address issues of regional responsiveness in such
adoption processes. Thus, while there is a manifestation of inequality in South Africa,
which is rooted in linguistic prejudices, in Kenya, the inequality is rooted in infrastructure
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and socioeconomic inequality, thus showing that there is a need to ensure that there is a
renewed commitment to a just, contextualized, and sensitive approach to architecture in
line with issues of justice in the adoption of AI in these nations (See Table 2 below).

Table 2. Comparative Equity Challenges in South Africa and Kenya.

Dimension South Africa Kenya

AI Adoption Context
Momentum in higher education, but
inequities rooted in language and
historical apartheid divides

Momentum in higher education, but
inequities rooted in infrastructure and
socioeconomic divides

Admissions and Placement

AI disadvantages students from poorer
and English-speaking schools;
multilingual bias noted
(Patel & Ragolane, 2024)

Scholarship allocation algorithms favor
urban learners with high access to
resources (Angwaomaodoko, 2025;
Fazelpour & Danks, 2021)

Digital Divide (Internet
Access)

92% of students in historically
advantaged universities have stable
internet vs. 58% in disadvantaged
universities

95%+ of population has mobile network
access, but only 35% overall has internet
access; 56.6% urban vs. 25% rural
(Kenya National Bureau of Statistics,
2024; DataReportal, 2024)

Structural Inequality

Historical enrollment data recreates
apartheid inequalities; lack of
algorithmic fairness in law (Protection of
Personal Information Act
(South Africa, 2013)

Infrastructure gaps exacerbate rural
exclusion; lack of governance
mechanisms for algorithmic fairness
despite Digital Economy
Blueprint (2019)

Scholarly Insights

AI design must be multilingual and fair
to drive reform (Patel & Ragolane, 2024);
digital inequality is structural
(Mateko et al., 2025)

Algorithmic fairness requires statistical,
individual, and causal fairness (Kizilcec
& Lee, 2022; Cullen & Oppenheimer,
2024); governance frameworks needed
for fairness and transparency
(Onyango, 2025)

Root Cause of Inequality Linguistic prejudice and historical
divides

Infrastructure and socioeconomic
inequality

5.6. Synthesis of Results, Efficiency, Equity and Autonomy

The results indicate that efficiency, equity, and autonomy are not mutually exclusive
variables in the deployment of AI but rather interconnected variables. While efficiency in
the deployment of AI can be expected to occur first, equity and autonomy are variables that
must be carefully managed. The deployment of AI in South Africa and Kenya indicates a
more profound issue of inequality. According to Benjamin (2019), race and technology are
mutually constitutive, meaning that, unless proper care is taken, innovation can be a source
of continued marginalization. Therefore, justice-oriented approaches are necessary in the
deployment of AI. Thus, the thesis of the paper can be advanced that the deployment of
AI in higher learning institutions must not be judged on its performance but on its impact
on society. Through the results of the deployment of AI in South Africa and Kenya, a
crucial discussion on how AI can be a source of empowerment or marginalization in college
learning can be sparked.

6. Global Perspectives: AI in Education Across Distinct Contexts
Scientific literature and empirical evidence demonstrate that the application of AI

in education across various states in the Global North and South has revolutionized the
landscape of education regardless of countries’ socioeconomic levels (Chan, 2023; Chan &
Hu, 2023; Luckin, 2018). Adiguzel et al. (2023) argue that the education systems of Europe
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and North America have used artificial intelligence as a way of improving the quality of
instruction as well as the efficiency of administration. As an example, Finland and Estonia
have utilized AI to develop learning systems with a heavier emphasis on effectiveness in
their operations and strong overall ethical management (Pedro et al., 2019; Luckin, 2018).
Conversely, a substantial number of sub-Saharan African countries view AI as the means
to solve ingrained inequality, with the consideration that the idea of adopting Western-
centered datasets can keep perpetuating the same biases (Pedro et al., 2019). South Africa
and Kenya are two of the few African countries that have issued AI policies specifically
aimed at reducing the digital divide and strengthening the role of education control and
delivery (Dlamini et al., 2025). China and Singapore have led the world in using AI in
the education sector by introducing state-based programs aimed at enhancing monitory
control, student autonomy, and personal data privacy (Dlamini et al., 2025).

A range of pan-European initiatives represent the rapid adoption of artificial intel-
ligence to the educational setting of higher education. For instance, in France, the AI4T
project launched by the EU in 2021 is focused on both the creation of AI tools that benefit
lecturers and the protection of student autonomy at the same time (European Commission,
2021). In this regard, the EMAI4EU initiative was launched in 2024 and is focused on
implementing affective AI in education, thus becoming one of the organizations to further
develop research and apply emotion-based AI systems (EIT Digital, 2024). Moreover, the
European AI Alliance, which was founded in 2018, is a platform that is open-ended and
supports open dialogues on policies concerning ethical uses of AI in the fields of education
and other organizations (European Commission, 2023). Overall, the programs show the
willingness of Europe to develop and control AI technologies, boosting the outcomes of
the educational process and maintaining moral principles, transparency, and inclusivity.
Moreover, the introduction of artificial intelligence in educational systems has been success-
fully implemented in other countries like the United Kingdom and the People’s Republic of
China. An illustration of this is China, which has deployed AI-assisted instructional modal-
ities improving the level of pedagogy, and the United Kingdom, which has implemented
AI-adaptive learning platforms to enrich the student experience (Knox, 2020, pp. 298–311).
The scientific literature on adopting AI in the educational field highlights the need to focus
on human-centered policy design to reconcile these efficiency, equity, and autonomy ten-
sions and, in such a way, recalibrate pedagogies based on AI in educating equal individuals
and challenging existing inequalities (Chang et al., 2022; Knox, 2020, pp. 298–311).

7. Advancing Debates on Efficiency, Equity, and Autonomy
A unique contribution of this article lies in viewing AI implementation in higher

education as the interplay between efficiency, equity, and autonomy and not only in
isolation or with attention paid exclusively to technological performance (Bozkurt & Xiao,
2023; Zawacki-Richter et al., 2019). In contrast to most previous studies, which address
AI in terms of its ability to individualize (Chiu et al., 2023) or employ predictive analytics
(Gardner et al., 2019), the given work brings to the fore the pressing sociopolitical and ethical
surroundings of AI implementation in the educational domain (Selwyn, 2022; Holmes
et al., 2022). To its credit, it shows that institutional goals, governance, and learner agency
can interact to induce inelegant results that are both problematic and therefore useful: as
automated grading and adaptive feedback are sources of efficiency, they can also reinforce
inequities (R. S. Baker & Hawn, 2022) or limit student agency (Tsai et al., 2019). Placing
autonomy on par with efficiency and equity both highlights the philosophy–ethics gap
between techno-solutionist tropes and locates the study within current debates, such as
those argued in the study by Marín et al. (2025), a recent report by Wargo and Anderson
(2024) and the policy statement by the United Nations Educational, Scientific and Cultural
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Organization (2021), that the applicability of autonomy as an effective governance method
remains elusive without due diligence to policy considerations and ethical stewardship,
particularly in situations where structural inequalities exist, and that student autonomy
will be at risk due to the reliance on AI.

This study contributes to contemporary debates on AI-driven education by investigat-
ing how institutional practices, policy orientations, and AI system designs interact to shape
the experiences of students and educators. By focusing on higher education settings in the
Global South, it addresses a significant gap in the literature, challenging the predominance
of Global North perspectives in this field (Ifenthaler, 2017). The study points out the long-
term and short-term effects (intended and unintended) of adopting AI, which indicate how
the strategy of increasing efficiency through more efficient administrative procedures and
automatic feedback may unintentionally expand disparities and undermine student agency
(Eynon, 2015; Schiff, 2022). The originality of the given work consists in the fact that it pro-
vides an evidence-based analysis of how socioethical and policy considerations are linked
with the technical functionalities of AI and presents actionable insights to institutional
decisionmakers (Williamson & Eynon, 2020). Through suggesting key trade-offs, mediating
mechanisms, and governance strategies, the research can provide a globally applicable
lens on AI implementation in higher education that would be characterized by attention
to the tripartite rule of efficiency, equity, and autonomy. The unique contribution of focus
on the interaction between operational efficiency, learner-centered concerns, and ethical
supervision to the findings proves that it can inform the research, policy, and practices
in various settings where structural disadvantages and resource limitations are pertinent
(Chinta et al., 2024; OECD, 2024; Xiao & Yi, 2021).

8. Conclusions
The prospect of applying artificial intelligence (AI) to the field of higher education has

deep transformational possibilities and at the same time raises a set of complicated issues
regarding efficiency, equity, and student agency. Artificial intelligence is transforming
governance systems, education methods, and educational flows, hence igniting an active
academic debate on a global scale. Although AI can represent an opportunity to automate
administrative duties and personalize learning processes, introducing it should be based on
purposeful control. Without this kind of stewardship, AI threatens to exacerbate education
inequity via algorithmic bias and exacerbate the digital divide and this is so especially
in the under-resourced context. To make sure that artificial intelligence operates as an
enabling power instead of a manipulative control apparatus, it is important that educational
establishments promote a humanist paradigm where students have agency and are learning
in inclusive environments. To realize this goal, a multistakeholder model that involves
educators, scholars and policymakers as well as technologists in designing frameworks
based on transparency, fairness and student-centric values must be used. Technical efficacy
must in no way override the factors of justice or personal autonomy; on the contrary,
artificial intelligence must be used to develop pedagogical experiences and trigger creativity
and meet the needs of different learners with their various learning requirements.

In the next phase, colleges and universities must introduce AI literacy courses in
their set of studies to prepare learners with the imagined knowledge and moral sensi-
tivity needed to operate in AI-enhanced learning platforms. To protect privacy, provide
accountability and enhance equitable access the introduction of strong data governance
procedures is indispensable. Moreover, the contemporary resilient ICT infrastructure is
central to the modernization of the educational system and lessening the digital disparity;
the areas where strategic investment should be made should be the creation of national
research and education networks (NRENs) as well as the development of relationships with
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telecommunication providers, which will ensure the further expansion of the connection
and better access to digital resources. Finally, ethical stewardship, advocacy of inclusive de-
sign, and student empowerment represent the key to how the purposeful implementation
of artificial intelligence in higher education can be achieved, and it should not only rely
on further technological progress but also on a shared desire to make it a priority. It can
be argued that, by addressing AI development in ways that support the core educational
values of institutions and more social responsibility, it is possible to create a future where
AI enhances rather than determines the learning process. Future studies should examine
how AI integration interacts with local socioeconomic realities, including digital divides,
infrastructure limitations, and cultural variations in teaching and learning.
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