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The findings show that Al offers substantial opportunities for
adaptive personalization, real-time feedback, and data-driven
decision-making, yet these benefits are consistently
accompanied by challenges related to academic integrity,
algorithmic bias, data privacy, teacher readiness, and unequal
access to infrastructure. The review further identifies a critical
novelty gap: most prior studies examine opportunities and
challenges in isolation rather than as an interdependent system
that jointly shapes pedagogical implications. This article
proposes an integrated opportunity-challenge-implication
framework and argues that responsible, human-centered
implementation rather than technology adoption alone
determines whether Al enhances or undermines meaningful
learning outcomes in contemporary educational settings

analytics; teacher Al literacy

INTRODUCTION

Education systems worldwide are undergoing one of the most significant
technological transitions in their history. Over the past decade, artificial intelligence (AI) has
moved from experimental laboratory applications to everyday classroom practice, driven
by advances in machine learning, natural language processing, and, most recently,
generative Al models capable of producing human-like text, images, and code. Ahmad et al.
(2021) describe this shift as a redefinition of the teacher-student-technology relationship,
in which Al no longer merely supports administrative tasks but actively participates in
instructional design, content delivery, and assessment. The introduction of large language
model-based tools such as ChatGPT in late 2022 accelerated this transition dramatically,
prompting an explosion of scholarly interest in how generative Al reshapes teaching and
learning across all levels of education (Yan et al., 2024; Giannakos et al., 2024).

The opportunities associated with Al in education are extensive and well documented.
Intelligent tutoring systems (ITS) and adaptive learning platforms use learner data to
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personalize the pace, sequence, and difficulty of instructional content, allowing students to
progress according to their individual needs rather than a fixed curriculum (Yarlagadda,
2025; Létourneau et al., 2025). Farhood et al. (2025) note that Al-based personalized
learning systems can substantially improve engagement and mastery, particularly for
students who struggle within traditional, one-size-fits-all classroom models. Generative Al
tools extend these capabilities further, enabling the automatic creation of customized
learning materials, practice questions, and formative feedback (Pesovski et al., 2024). At the
institutional level, learning analytics powered by Al allow educators and administrators to
identify at-risk students early, monitor engagement patterns, and make evidence-based
decisions about curriculum design (Cukurova, 2024; Yan et al., 2023).

Despite these opportunities, a substantial body of literature documents equally
serious challenges. Concerns about academic integrity have intensified as generative Al
tools make it increasingly difficult to distinguish student-authored work from Al-generated
content, raising fundamental questions about assessment validity (Mao et al., 2023).
Algorithmic bias is another persistent concern: Al systems trained on non-representative
datasets risk reproducing or amplifying existing educational inequities, particularly for
students from marginalized linguistic, cultural, or socioeconomic backgrounds (Akgun &
Greenhow, 2022). Data privacy and consent present further difficulties, as learning analytics
systems collect vast quantities of sensitive behavioral and performance data with limited
transparency about how that data is stored, shared, or used (Ifenthaler et al., 2024). Teacher
readiness compounds these problems: Ren and Wu (2025) found that many educators,
particularly in higher education, lack the technical competencies and pedagogical
frameworks needed to integrate Al meaningfully into their teaching practice, while Kuleto
et al. (2021) report that unequal access to infrastructure, connectivity, and institutional
support continues to widen the digital divide between well-resourced and under-resourced
institutions.

These opportunities and challenges do not operate independently; rather, they
interact to produce complex implications for the learning process itself. When Al-driven
personalization is implemented without adequate pedagogical grounding, it risks reducing
learning to algorithmically optimized content delivery, potentially undermining the
development of critical thinking, self-regulation, and social-emotional skills that are central
to deep learning (Kong & Yang, 2024). Conversely, when Al is integrated thoughtfully
supported by teacher professional development, ethical governance frameworks, and
human oversight it can enhance rather than replace the relational and reflective dimensions
of teaching (Tarun et al., 2025). This tension between efficiency and pedagogical depth lies
at the heart of ongoing debates about the appropriate role of Al in education.

The global scale of Al adoption in education further underscores why an integrated
understanding is urgently needed. Kamalov et al. (2023) characterize the current period as
a "multifaceted revolution,” in which Al simultaneously transforms curriculum design,
assessment practices, administrative decision-making, and the everyday experience of
teachers and students. Survey-based evidence reinforces this picture: Alshamy et al. (2025)
find that both students and academics perceive generative Al tools as valuable for
brainstorming, drafting, and self-directed study, yet remain uncertain about appropriate
boundaries for their use in formal assessment. Wu et al. (2025) add that attitudes toward
generative Al in higher education classrooms are highly context-dependent, shaped by
discipline, institutional policy, and prior digital experience rather than by technology alone.
Taken together, these findings suggest that the trajectory of Al in education is not
predetermined by the technology itself but is actively negotiated by the people and
institutions that adopt it a negotiation that existing frameworks have yet to adequately
theorize.

Equally important is the teacher dimension of this transformation. Because teachers
mediate nearly every classroom-level decision about how Al tools are used, their readiness,
attitudes, and literacy directly shape whether Al realizes its pedagogical potential or
introduces new sources of confusion and inequity. Ng et al. (2024) argue that Al literacy
must be understood as a multidimensional construct encompassing affective, behavioral,
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cognitive, and ethical competencies, not merely technical familiarity with specific tools.
Sperling et al. (2024) find that Al literacy remains largely absent from formal teacher
education curricula, leaving many pre-service and in-service teachers to develop their
understanding informally and unevenly. Tan et al. (2025) extend this observation by
showing that the supply of structured professional development opportunities consistently
lags behind the demand generated by rapid Al adoption in schools and universities. This
persistent gap between technological capability and human readiness forms a second,
closely related layer of the novelty this article seeks to address: implications for the learning
process cannot be understood purely as a function of algorithmic sophistication, but must
be examined alongside the institutional and human capacity to use Al responsibly.

A close reading of the existing literature reveals a persistent structural limitation:
most reviews and empirical studies treat the opportunities, challenges, and pedagogical
implications of Al in education as separate, loosely connected strands of inquiry. Systematic
reviews such as Crompton and Burke (2023) and Wang et al. (2024) provide comprehensive
mapping of Al applications and their reported benefits and risks, yet they stop short of
theorizing how these two dimensions jointly determine actual learning outcomes. Similarly,
studies focusing on generative Al (Giannakos etal., 2024; Luo et al., 2025) tend to emphasize
either technological capability or ethical risk, without offering an integrated framework that
connects both to concrete implications for pedagogy, curriculum design, and learner agency.
Wang et al. (2024) further note that the rapid pace of publication in this field has produced
fragmented, tool-specific findings that are difficult to synthesize into actionable guidance
for practitioners and policymakers.

This article addresses that gap by proposing an integrated opportunity-challenge-
implication framework that explicitly models the interdependence between what Al makes
possible, what risks it introduces, and how these two forces jointly reshape the learning
process. The novelty of this study lies in three contributions. First, it synthesizes literature
spanning 2021 to 2026 including the most recent generative Al-specific scholarship—into
a single analytical structure rather than treating pre- and post-ChatGPT literature as
disconnected bodies of work. Second, it extends the analysis beyond higher education,
which dominates existing reviews (Crompton & Burke, 2023; Ren & Wu, 2025), to include
K-12 contexts and teacher professional development, drawing on recent evidence regarding
Al literacy and self-regulated learning (Kong & Yang, 2024; Sperling et al., 2024; Tan et al,,
2025). Third, rather than presenting opportunities and challenges as a simple balance sheet,
this study positions "implications for the learning process" as an emergent outcome shaped
by how institutions, teachers, and policy actors mediate the tension between technological
capability and pedagogical responsibility. In doing so, this article moves the discussion from
a descriptive account of what Al can do toward an explanatory account of why Al integration
succeeds or fails to improve learning in practice, offering a conceptual foundation that can
inform both future empirical research and institutional policy on responsible Al adoption in
education

METHODS

This study employs a narrative literature review design informed by systematic
search principles, appropriate for synthesizing a rapidly evolving and thematically diverse
body of literature on Al in education. Rather than testing a single hypothesis, the review
aims to map recurring opportunities, challenges, and implications across studies published
between 2021 and 2026, a period that spans both pre- and post-generative-Al scholarship.

Search Strategy and Sources

Relevant literature was identified through structured searches of Scopus, Web of
Science, and Google Scholar, supplemented by citation records exported through a
reference-management workflow. Search terms combined the core construct ("artificial
intelligence” OR "generative AI" OR "machine learning") with education-related terms
("education" OR "learning"” OR "teaching" OR "higher education” OR "K-12") and, where

relevant, thematic qualifiers such as "opportunities,” "challenges," "personalized learning,"
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"intelligent tutoring,” "learning analytics," "academic integrity," and "teacher Al literacy."
The search was restricted to peer-reviewed journal articles, conference proceedings, and
scoping or systematic reviews published in English between 2021 and 2026, each carrying
an active, resolvable Digital Object Identifier (DOI).

Screening and Selection

Figure 1 summarizes the identification-screening-eligibility-inclusion process
adapted from PRISMA reporting conventions. An initial pool of records was screened for
topical relevance to Al applications in formal education settings; studies unrelated to
instructional or institutional contexts (e.g., purely industrial Al applications) were excluded
at the screening stage. Remaining records were assessed in full text against three inclusion
criteria: (1) explicit focus on Al, machine learning, or generative Al within an educational
context; (2) discussion of at least one of the following dimensions—opportunities,
challenges, ethical implications, or pedagogical outcomes; and (3) availability of a verifiable
DOI enabling traceability through Google Scholar and publisher databases. This process
yielded a final corpus of 25 sources, comprising empirical studies, systematic and scoping
reviews, and conceptual papers, spanning K-12, higher education, and cross-sector
perspectives.

Figure 1. Study ldentification and Selection Flow (adapted from PRISMA reporting
conventions)

( ™

Identification

Recards identified through database searching
(Scopus, Web of Science, Google Scholar)

n=214
1

Screening

Records screened after duplicates removed: n =178

Recards excluded (title/abstract not topically relevant): n = 98

Eligibility

Full-text articles assessed for eligibility: n = 80

Full-text articles excluded {no active DO, non-education

focus, or no opportunity/challengsfimplication discussion): n = 55
'

Included

Studies included in the narrative thematic synthesis: n = 25
(K-12, higher education, and cross-sector Al-in-education studies)

Figure 1. Study Identification and Selection Flow (adapted from PRISMA reporting
conventions)

Analytical Procedure

The included sources were analyzed using thematic synthesis. Each study was first
coded descriptively according to educational level, methodological approach, and primary
Al application (e.g., intelligent tutoring, generative Al, learning analytics, teacher
professional development). Descriptive codes were then grouped inductively into analytical
themes representing recurring opportunities (e.g., personalization, efficiency, data-driven
decision-making), challenges (e.g., academic integrity, bias, privacy, teacher readiness,
infrastructural inequality), and implications for the learning process (e.g., changes in learner
agency, assessment validity, and the teacher's pedagogical role). These themes were
subsequently cross-tabulated to examine how opportunities and challenges jointly shape
implications, forming the basis of the integrated framework presented in the Results and
Discussion section. This qualitative, matrix-based synthesis approach is consistent with
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recent Al-in-education reviews (Wang et al., 2024; Crompton & Burke, 2023) and enables
comparison across studies that differ substantially in methodology, sample, and educational
context.

RESULTS AND DISCUSSION

Overview of the Reviewed Corpus

The final corpus of 25 studies spans seven thematic domains: personalized learning
and intelligent tutoring systems, generative Al and content creation, learning analytics and
assessment, teacher professional development and Al literacy, ethics and governance,
higher education institutional adoption, and K-12-specific applications. Sixteen studies
focus primarily on higher education, six on K-12 or teacher education, and three adopt a
cross-sector perspective applicable to both levels. Methodologically, the corpus includes
twelve systematic or scoping reviews, seven conceptual or framework papers, four
empirical/survey studies, and two case-based or design studies. This methodological
diversity strengthens the thematic synthesis by triangulating conceptual claims against
empirical observation. Table 1 summarizes the central opportunities, challenges, and
implications identified for each thematic domain, along with representative sources.

Table 1. Integrated Summary of Opportunities, Challenges, and Implications of Al in

Education

Thematic Key Key Challenges Implications for Representative
Domain Opportunities the Learning Sources
Process
Personalized Adaptive pacing; | Risk of over- Expands learner Yarlagadda
learning & individualized reliance on agency when (2025);
intelligent content and real- | algorithmic paired with teacher | Létourneau et
tutoring time feedback pathways; data oversight; risks al. (2025);
systems privacy passivity withoutit | Farhood et al.
(2025)
Generative Al | Automated Academic Redefines Pesovski et al.
& content generation of integrity risks; assessment design | (2024); Mao et
creation materials, blurred toward evaluating | al. (2023); Wu et
questions, and authorship process and al. (2025)
feedback; reasoning
reduced
instructor
workload
Learning Real-time, Data privacy and | Shifts evaluation Cukurova
analytics & formative consent; from retrospective | (2024); Yan et
assessment monitoring; early | algorithmic bias grading to al. (2023);
identification of formative Ifenthaler et al.
at-risk learners intervention (2024)
Teacher Structured PD PD supply lags Teacher readiness | Ngetal. (2024);
professional can build adoption; Al determines Sperling et al.
development multidimensional | literacy largely whether Al (2024); Tan et
& Al literacy Al literacy absent from supports or al. (2025)
curricula undermines
pedagogy
Ethics, equity | Governance Algorithmic bias; | Without deliberate | Akgun &
& governance | frameworks can infrastructural policy, Al risks Greenhow
safeguard and access widening the (2022); Kuleto
responsible, inequality digital divide etal. (2021)
transparent use
Higher Mature Uneven Institutional Crompton &
education infrastructure instructor capacity shapes the | Burke (2023);
supports Ren & Wu
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institutional rigorous, competencies pace and depth of (2025); Luo et
adoption evidence-based and confidence adoption al. (2025); Wang

piloting etal. (2024)
K-12 settings Scaffolds self- Greater need for | Uniform policy is Kong & Yang
& self- regulated adult mediation inappropriate; (2024); Ahmad
regulated learning within and responses must be | etal. (2021)
learning human-centered | developmental calibrated by

frameworks scaffolding developmental

stage

Opportunities: Personalization, Efficiency, and Data-Driven Insight

The most consistently reported opportunity across the corpus is personalization.
Intelligent tutoring systems and adaptive learning platforms allow instructional content,
pacing, and feedback to be tailored to individual learners rather than delivered uniformly to
an entire class (Yarlagadda, 2025; Létourneau et al.,, 2025). Farhood et al. (2025) synthesize
evidence that Al-based personalization improves both engagement and mastery,
particularly benefiting students who would otherwise be underserved by fixed-pace
instruction. Generative Al extends this capacity considerably: rather than selecting from a
pre-built content library, systems can now generate original explanations, practice items,
and formative feedback tailored to a learner's specific misconceptions in real time (Pesovski
et al, 2024). Kong and Yang (2024) demonstrate that when generative Al is embedded
within a human-centered pedagogical framework, it can also support self-regulated learning
by scaffolding goal-setting, monitoring, and reflection, rather than simply supplying
answers.

A second major opportunity concerns efficiency and workload redistribution. Mao
etal. (2023) find that generative Al can automate significant portions of routine assessment
work drafting rubrics, generating question banks, and providing first-pass feedback freeing
instructor time for higher-value activities such as individualized mentoring and complex
skill development. Wu et al. (2025) report that both students and instructors perceive
generative Al as valuable for brainstorming, drafting, and iterative revision, provided its use
is transparently disclosed and appropriately scaffolded within the learning task.

A third opportunity lies in data-driven decision-making through learning analytics.
Cukurova (2024) argues that the convergence of learning analytics and Al enables a shift
from retrospective evaluation toward real-time, formative monitoring of student progress,
allowing institutions to identify at-risk learners before performance gaps become severe.
Yan et al. (2023) extend this argument by mapping how generative Al can support each
stage of the learning analytics cycle—from data collection and modeling to actionable
pedagogical intervention—although they caution that analytic sophistication does not
automatically translate into improved outcomes without corresponding instructional
redesign.

Challenges: Integrity, Bias, Privacy, and Readiness

Set against these opportunities, the reviewed literature converges on four
interrelated challenges. The most frequently discussed is academic integrity. As generative
Al becomes increasingly capable of producing coherent, contextually appropriate written
work, traditional assessment formats struggle to reliably distinguish independent student
work from Al-assisted or Al-generated submissions (Mao et al., 2023). This challenge is not
merely technical but pedagogical: Giannakos et al. (2024) argue that the deeper issue is not
detection but the need to redesign assessment to evaluate process and reasoning rather
than final-product text alone.

A second major challenge is algorithmic bias and equity. Akgun and Greenhow
(2022) document how Al systems deployed in K-12 settings can encode and reinforce
existing social biases when trained on non-representative data, disproportionately
disadvantaging students from marginalized backgrounds. This concern is compounded by
infrastructural inequality: Kuleto et al. (2021) report that unequal access to devices,
connectivity, and institutional Al governance widens rather than narrows the gap between
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well-resourced and under-resourced schools and universities, undermining the equity gains
that personalized learning might otherwise offer.

Data privacy constitutes a third significant challenge. Ifenthaler et al. (2024) note
that the extensive behavioral and performance data required to power adaptive systems
raises unresolved questions about consent, data ownership, and long-term data
stewardship, particularly for minors in K-12 contexts. Because these systems often rely on
third-party commercial platforms, institutions frequently lack full visibility into how learner
data is processed or reused.

A fourth, and arguably foundational, challenge is teacher and institutional readiness.
Ren and Wu (2025) find that many higher education instructors report low confidence in
their ability to evaluate, adapt, or critically integrate Al tools into their teaching, a finding
echoed by Sperling et al. (2024), who show that Al literacy remains largely absent from
formal teacher education curricula. Tan et al. (2025) add that the supply of structured
professional development consistently lags behind the pace of institutional Al adoption,
leaving teachers to develop ad hoc, uneven competencies. Ng et al. (2024) argue that Al
literacy must be cultivated as a multidimensional competency—spanning affective,
behavioral, cognitive, and ethical dimensions—rather than treated as a narrow technical
skill, a more demanding standard that few current professional development programs
meet.

Implications for the Learning Process: An Integrated Framework

The central contribution of this synthesis is the observation that opportunities and
challenges are not independent variables but jointly determine the implications of Al for the
learning process. Three implications emerge consistently across the corpus.

First, the locus of learner agency shifts. When Al personalization is implemented
with strong pedagogical grounding and teacher oversight, it can expand learner agency by
giving students greater control over pace and pathway (Kong & Yang, 2024). However, when
personalization is implemented purely for efficiency without corresponding support for
metacognitive skill development it risks reducing students to passive recipients of
algorithmically optimized content, a pattern the reviewed literature describes as
"personalization without agency."

Second, assessment validity is being redefined rather than simply threatened.
Rather than treating generative Al purely as a cheating risk, Alshamy et al. (2025) find that
when institutions establish clear, transparent policies on acceptable Al use, students report
using these tools to support rather than replace independent reasoning, suggesting that
carefully governed integration can preserve, and in some cases strengthen, the authenticity
of assessment.

Third, the teacher's pedagogical role is repositioned from primary information
source toward facilitator of Al-augmented, human-centered learning. Tarun et al. (2025)
describe "human-in-the-loop” designs in which Al generates adaptive content and
preliminary feedback, while teachers retain final judgment over pacing, interpretation, and
socio-emotional support an arrangement that appears in the literature to mitigate several
of the risks identified above (bias, over-reliance, loss of relational teaching) while
preserving efficiency gains.

Cross-Level Comparison: Higher Education versus K-12

The synthesis also reveals notable differences in how opportunities and challenges
manifest across educational levels. In higher education, Crompton and Burke (2023) find
that Al adoption is concentrated in three areas adaptive learning platforms, automated
administrative tasks, and predictive analytics for retention with institutions generally
possessing more mature digital infrastructure and greater autonomy to pilot new tools. Luo
et al. (2025) corroborate this pattern, reporting that Al-based learning tools in higher
education are increasingly evaluated using rigorous, multi-method designs, reflecting
growing institutional investment in evidence-based adoption. Wang et al. (2024) similarly
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observe that higher education research on Al has matured methodologically over the past
five years, shifting from purely descriptive accounts toward systematic, comparative
evaluation of tool effectiveness.

K-12 contexts, by contrast, present a distinct risk profile. Ahmad et al. (2021) note
that younger learners require greater scaffolding and adult mediation when interacting with
Al systems, making teacher readiness an even more decisive factor than in higher education.
Létourneau et al. (2025) similarly report that intelligent tutoring systems designed for K-12
learners must balance personalization with the developmental need for consistent, human-
guided structure and adult mediation, a balance that is generally less critical for adult
learners in higher education. These differences suggest that policy and professional
development responses to Al in education cannot be uniform across levels; rather, they
must be calibrated to the developmental needs of learners and the institutional capacity
available at each level of the education system.

Limitations of the Reviewed Evidence

Several limitations qualify the strength of the conclusions drawn from this synthesis.
First, as Kamalov et al. (2023) observes, the empirical base on Al in education is still
dominated by short-term, single-institution studies, with few longitudinal investigations
capable of establishing whether observed benefits in engagement or efficiency translate into
durable gains in learning outcomes. Second, much of the corpus—particularly the
generative-Al-specific literature published after 2023—relies on self-reported perceptions
from students and teachers rather than direct measures of learning gains, limiting causal
inference (Yan et al., 2024). Third, publication patterns are geographically uneven, with a
disproportionate share of studies originating from well-resourced higher education
systems, which may limit the generalizability of findings to under-resourced or non-
Western educational contexts. These limitations reinforce, rather than undermine, the
central argument of this review: because the evidence base itself is shaped by uneven
institutional capacity, conclusions about Al's implications for learning must be interpreted
as context-dependent rather than universal.

Collectively, these findings indicate that the pedagogical value of Al in education is
not intrinsic to the technology itself but is contingent on the governance, professional
capacity, and institutional design surrounding its use. Studies that report predominantly
positive implications (e.g., Kong & Yang, 2024; Tarun et al., 2025) consistently pair Al
deployment with explicit human oversight, teacher training, and transparent policy; studies
that report predominantly negative implications (e.g., Akgun & Greenhow, 2022; Mao et al.,
2023) tend to describe contexts where Al was adopted rapidly, without corresponding
investment in governance or teacher readiness. This pattern supports the integrated
framework proposed in this article: opportunities and challenges are two faces of the same
underlying technological capability, and the direction of their net implication for the
learning process depends on the quality of human and institutional mediation

CONCLUSIONS

This review of twenty-five studies published between 2021 and 2026 demonstrates
that artificial intelligence offers substantial, well-evidenced opportunities for education
particularly through personalized learning, intelligent tutoring, generative content creation,
and data-driven learning analytics while simultaneously introducing serious and
interconnected challenges related to academic integrity, algorithmic bias, data privacy, and
uneven teacher and institutional readiness. Rather than treating these dimensions as
separate strands of inquiry, this article has proposed an integrated opportunity-challenge-
implication framework, showing that the ultimate impact of Al on the learning process is
not determined by technological capability alone but by how opportunities and challenges
are jointly mediated by governance, professional development, and pedagogical design.
Where Al adoption is paired with transparent policy, sustained investment in teacher Al
literacy, and deliberate human-in-the-loop oversight, the literature consistently reports
gains in learner agency, engagement, and assessment authenticity. Where adoption
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proceeds without these supports, the same underlying technologies are instead associated
with diminished learner agency, contested assessment validity, and widened educational
inequity.

These findings carry direct implications for practice and policy. Institutions should
prioritize Al literacy as a core component of teacher professional development rather than
an optional add-on, invest in transparent and context-specific Al governance frameworks,
and redesign assessment practices to evaluate reasoning and process rather than final text
output alone. For researchers, the review highlights a continuing need for longitudinal,
cross-context studies that move beyond self-reported perceptions toward direct measures
of learning outcomes, and for closer attention to how Al's implications differ across K-12
and higher education settings. Ultimately, the evidence suggests that artificial intelligence is
best understood not as a deterministic force reshaping education on its own terms, but as a
powerful instructional resource whose educational value is actively constructed through
the human, institutional, and ethical choices that surround its implementation.
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