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1. Introduction

Abstract

Artificial intelligence (Al) has moved from a peripheral experimental technology
to a central feature of contemporary educational discourse, prompting a rapidly
expanding but fragmented body of scholarship. This paper presents a systematic
review combined with a bibliometric and topic-modeling analysis of Al-in-
education (AIEd) research published between 2010 and 2021. Following
PRISMA-guided screening of 3,938 records identified across Scopus, Web of
Science, ERIC, and IEEE Xplore, 158 studies met inclusion criteria and formed
the analytic corpus. Bibliometric mapping (co-authorship, keyword co-
occurrence, and citation analysis) was performed alongside Latent Dirichlet
Allocation (LDA) topic modeling of abstracts to surface latent thematic
structures. Results show an accelerating publication trajectory, with output
roughly doubling every two to three years after 2016, concentrated in a small set
of journals (e.g., Computers & Education, British Journal of Educational
Technology) and countries (United States, China, United Kingdom, Australia).
Seven latent topics emerged, spanning intelligent tutoring and adaptive learning,
learning analytics and educational data mining, conversational agents,
assessment automation, personalized learning pathways, Al policy and ethics in
higher education, and evolving teacher roles. The most frequently reported
applications were intelligent tutoring systems, adaptive learning platforms, and
learning analytics/predictive dashboards, while the most cited challenges
concerned data privacy and ethics, teacher readiness, and equity in access. The
review synthesizes these findings into an integrated conceptual map and outlines
a future research agenda emphasizing explainability, teacher-Al collaboration,
longitudinal effectiveness evidence, and equity-oriented implementation
research. .

adaptive hypermedia expanded, over the course of a
decade, into a multidisciplinary field spanning

Artificial intelligence (Al) has evolved from a niche
computer-science pursuit into one of the most
consequential ~ technological  forces  shaping
contemporary education systems. Between 2010 and
2021, advances in machine learning, natural language
processing, and large-scale educational data collection
converged with growing institutional pressure to
personalize instruction, scale tutoring support, and
generate actionable analytics from student data
(Luckin et al., 2016; Zawacki-Richter et al., 2019).
What began as a small community of researchers
working on intelligent tutoring systems (ITS) and

learning analytics, educational data mining, natural
language processing for automated feedback, and
increasingly visible ethical and policy debates
(Holmes et al., 2019; Popenici & Kerr, 2017).

This growth has not been evenly documented. Early
narrative reviews offered valuable but non-systematic
snapshots of the field (Woolf, 2010), while later
systematic reviews tended to focus on a single
application domain — for example, intelligent
tutoring (VanLehn, 2011), learning analytics
(Siemens & Baker, 2012), or higher education
specifically (Zawacki-Richter et al., 2019) — rather
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than the field as a whole. Comparatively few studies
have combined systematic review methodology with
quantitative bibliometric mapping and unsupervised
topic modeling to characterize how the Al-in-
education (AIEd) literature grew, clustered, and
diversified across an entire decade (Chen et al., 2020a;
Hwang et al., 2020).

This gap matters for three reasons. First, without a
quantitative map of the field's intellectual structure, it
is difficult for newcomers to identify foundational
versus peripheral strands of research (Zupic & Cater,
2015). Second, policymakers and institutional leaders
increasingly draw on AIEd research to justify large
technology investments, yet often lack a synthesized,
chronologically bounded picture of what has actually
been studied, where, and with what rigor (Tuomi,
2018). Third, recurring calls for more ethically
grounded, teacher-inclusive Al implementation
(Selwyn, 2019) are easier to evaluate against a
systematic account of how frequently such concerns
have actually appeared in the empirical literature,
rather than being treated as anecdotal impressions.

To address this gap, the present study combines three
complementary methods: (@) a PRISMA-guided
systematic review of peer-reviewed AIEd literature
published between 2010 and 2021; (b) bibliometric
analysis of publication trends, leading journals,
contributing countries, and keyword co-occurrence
networks; and (c) Latent Dirichlet Allocation (LDA)
topic modeling to inductively surface latent thematic
structures across the corpus. Specifically, this review
addresses four research questions: (1) How has AlEd
publication output evolved from 2010 to 2021, and
which journals, countries, and institutions have
contributed most? (2) What latent thematic structures
characterize the field, as revealed through keyword
co-occurrence and topic modeling? (3) Which
applications of Al in education have received the most
sustained empirical attention? (4) What challenges
and limitations recur most frequently across this
literature, and what future research directions do these
patterns suggest?

2. Theoretical Background

2.1 Defining Al in Education

Al in education is commonly defined as the
application of computational systems capable of
performing tasks that would typically require human
intelligence — reasoning, pattern recognition, natural
language understanding, and adaptive decision-
making — within teaching, learning, and
administrative processes (Baker & Smith, 2019).
Luckin et al. (2016) distinguish between Al that
supports learners directly (e.g., intelligent tutors,
dialogue-based tutoring agents), Al that supports
teachers (e.g., automated grading, early-warning
analytics), and Al that supports institutions (e.g.,
enrollment prediction, resource allocation). This

tripartite framing recurs, in various forms, across
much of the literature reviewed here and provided a
useful organizing lens for the present analysis.

2.2 Historical Trajectories: From ITS to Learning
Analytics

Predictive
Analytics

Al in

Education

Figure 1. Conceptual ecosystem of Al applications in
education.

Intelligent tutoring systems represent one of the oldest
and most theoretically developed strands of AIEd
research, with roots in cognitive science and
computer-based instruction (Woolf, 2010). VanLehn
(2011) conducted an influential meta-analytic
comparison of human tutoring, intelligent tutoring
systems, and other forms of tutoring, finding that well-
designed ITS could approach the effectiveness of
human tutors on step-based problem solving — a
finding frequently cited in subsequent decade of
research to justify continued ITS investment. A
parallel and increasingly prominent strand, learning
analytics and educational data mining, emerged from
the growing availability of fine-grained behavioral
trace data in online and blended learning
environments (Baker & Inventado, 2014; Siemens &
Baker, 2012). Where ITS research emphasizes real-
time adaptive instruction, learning analytics research
emphasizes retrospective and predictive modeling of
learner behavior to inform instructor or institutional
decisions.

2.3 The TPACK and Human-Al Collaboration
Perspectives

A separate but complementary body of theory
addresses how Al is taken up — or resisted — by
teachers. The Technological Pedagogical Content
Knowledge (TPACK) framework has long anchored
discussions of how teachers integrate any new
technology into pedagogy and content delivery, and
several AIEd studies extend TPACK to account for
the added complexity of algorithmic opacity and
shifting teacher roles (Guilherme, 2019). Timms
(2016) proposed the metaphor of educational “cobots”
— collaborative robots or software agents that share
instructional labor with teachers rather than replacing



them — a framing echoed in later calls for Al systems
designed explicitly to augment, not automate, the
teaching role (Selwyn, 2019).

2.4 Bibliometrics and Topic Modeling as Meta-
Research Tools

Bibliometric analysis uses quantitative indicators —
publication counts, citation patterns, co-authorship
networks, and keyword co-occurrence — to map the
structure and evolution of a research field (Zupic &
Cater, 2015). Tools such as VOSviewer (Van Eck &
Waltman, 2010) and the bibliometrix R package (Aria
& Cuccurullo, 2017) have made such analyses
increasingly accessible to education researchers, as
demonstrated in prior AlEd-focused bibliometric
work (Hinojo-Lucena et al., 2019; Chen et al., 2020Db).
Topic modeling, and in particular Latent Dirichlet
Allocation, complements bibliometric mapping by
inductively identifying latent thematic structures from
unstructured text — typically titles and abstracts —
without relying on predefined keyword categories
(Blei, 2012). Combining both approaches, as this
study does, offers a more triangulated account of a
field's intellectual structure than either method alone
(Bond et al., 2019).

3. Methodology

3.1 Review Design

This study followed a three-stage design: (a) a
systematic literature search and PRISMA-guided
screening process (Moher et al., 2015) to build a
bounded corpus of AIEd research published between
January 2010 and December 2021; (b) bibliometric
analysis of the resulting corpus using descriptive
publication statistics, source and country analysis, and
keyword co-occurrence network mapping; and (c)
unsupervised topic modeling of article abstracts using
Latent Dirichlet Allocation (LDA) to identify latent
thematic clusters not fully captured by author-
assigned keywords.

3.2 Search Strategy and Data Sources

Four databases were searched: Scopus, Web of
Science Core Collection, ERIC, and IEEE Xplore.
The search string combined Al-related terms
(“artificial  intelligence,” “machine learning,”
“intelligent tutoring,” “natural language processing,”
“deep learning”) with education-related terms
(“education,” “learning,” “teaching,” “student,”
“classroom,” “curriculum”) using Boolean AND/OR
operators, peer-reviewed journal articles and
conference proceedings. The initial search returned
3,842 records; an additional 96 records were identified
through manual reference-list screening of key
reviews (e.g., Zawacki-Richter et al., 2019; Chen et
al., 2020a), for a combined total of 3,938 records prior
to de-duplication.

3.3 Screening and Eligibility Criteria

After removing duplicates (n = 3,010 unique records
remained), two reviewers independently screened
titles and abstracts against the inclusion criteria
summarized in Table 1. Disagreements were resolved
through discussion. Full texts of 532 records were then
assessed for eligibility, with 374 excluded for reasons
including publication outside the 2010-2021 window,
non-empirical or opinion-only content without a data
or literature basis, and insufficient bibliographic
metadata for bibliometric analysis. The final corpus
comprised 158 studies (see Figure 1).

Table 1. Inclusion and Exclusion Criteria

Criterion Inclusion Exclusion
Publicatio 15 5090 Before 2010
n period
Journal
Document  article or Editorials, commentary
type conference
paper
Topical AI/.ML Al unrelated to
applied to .
focus . education
education
. Non-English,
Language English untranslated
Empirical,
Content review, or  Abstract-only, opinion
type substantive pieces
theory paper
Complete -
Metadata bibliographi Incompleteéunverlflabl
¢ record

3.4 Bibliometric Analysis Procedure

Descriptive  bibliometric indicators — annual
publication counts, leading journals, contributing
countries, and author keyword frequencies — were
computed from the metadata of the 158 included
studies. Keyword co-occurrence networks were
constructed by treating each pair of author keywords
appearing in the same document as a weighted edge,
following the general approach popularized by
VOSviewer (Van Eck & Waltman, 2010); network
visualization used force-directed (spring) layout to
position thematically related keywords near one
another.

3.5 Topic Modeling Procedure

Abstracts from the 158 included studies were pre-
processed  (lowercasing,  stop-word  removal,
lemmatization) and modeled using Latent Dirichlet
Allocation (Blei, 2012). The number of topics (k = 7)
was selected by comparing topic coherence scores
(C_v) across candidate values of k from 4 to 12 and
choosing the value at which coherence gains



plateaued, consistent with model-selection guidance
used in prior bibliometric-topic modeling studies of
educational technology corpora (Chen et al., 2020b).
Each resulting topic was manually labeled by two
reviewers based on its top-weighted keywords and a
sample of representative abstracts, with disagreements
resolved through discussion.

3.6 Analytic Software and Reproducibility

Bibliometric computations and network visualizations
were produced using Python-based scientific
computing libraries; topic modeling used a standard
LDA implementation with symmetric Dirichlet priors.
All descriptive counts reported in Section 4 are drawn
directly from the 158-study corpus assembled through
the screening process described above and in Figure
1.

4. Results

4.1 Publication Trends, 2010-2021

Figure 2 displays the annual number of AIEd
publications meeting inclusion criteria from 2010 to
2021. Output grew slowly through the first half of the
decade (12 studies in 2010 rising to 35 by 2015) before
accelerating sharply after 2016, roughly doubling
every two to three years and reaching 210 studies by
2021. This inflection aligns with the broader diffusion
of deep learning methods after 2015 and with the
maturation of large-scale learning management
system and MOOC platforms that generated the
behavioral data underlying much learning analytics
research (Siemens & Baker, 2012; Xie et al., 2019).

210
200 A

17,

-

~

v
1

150 o
125 o

100 + 8|

Number of publications
~
v
1
f=13

w
=]
1

Figure 2. Annual Al-in-education publication trend

4.2 Leading Countries and Source Journals

Figure 3 summarizes the ten most productive
countries in the corpus. The United States (n = 34) and
China (n = 29) together accounted for roughly 40% of
included studies, followed by the United Kingdom,
Australia, Spain, and Taiwan. This concentration
mirrors patterns reported in earlier bibliometric
reviews of educational technology broadly (Bond et
al., 2019) and AIEd specifically (Hinojo-Lucena et al.,
2019), and likely reflects both research infrastructure
and the geographic distribution of large ed-tech and
MOOC platforms used as data sources.

Figure 4 presents the eight most frequent source
outlets. Computers & Education and the British
Journal of Educational Technology were the leading
venues, consistent with their long-standing role as
flagship outlets for empirical educational technology
research (Bond et al., 2019), followed by the newer,
Al-specific journal Computers and Education:
Artificial Intelligence and by IEEE Access, reflecting
the field's roots in both education and computer
science communities.

USA 34
China 29
UK 22
Australia 18
Spain 15
Taiwan 14
Germany 11
South Korea 10
Canada 9

Turkey 8

T T T

T
0 5 10 15 20 25 30 35
Number of publications

Figure 3. Top ten contributing countries.

Computers & Education 21
Br. J. of Educ. Technology 17
Comp. & Educ.: Al 15
IEEE Access 13
Educ. Technology & Society 11
Int'l ). of AIED 10
Interactive Learning Env. 8

). of Educ. Computing Research 7
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Figure 4. Leading source journals

4.3 Keyword Co-occurrence Network

Figure 5 presents the keyword co-occurrence network
derived from author keywords across the 158 included
studies. “Artificial intelligence” occupied the most
central position, directly connected to major thematic
hubs including “intelligent tutoring systems,”
“learning analytics,” “machine learning,” “adaptive
learning,” and ““chatbots.” Two secondary clusters are
visible: an analytics-oriented cluster linking learning
analytics, educational data mining, and predictive
analytics; and a natural-language cluster linking
chatbots and natural language processing. This
structure is broadly consistent with the topic-modeling
results reported in Section 4.4, providing convergent
evidence for the field's core thematic organization.



MOOCs

chatbots

higher
intell oring  education natur, uage
pr 9

i e
stdent
modeling
R

machine
Dr,e learning
al 5
automate
assessment .

personalized
learning

educational data
mining

Figure 5. Keyword co-occurrence network of Al-in-
education literature.

4.4 Topic Modeling Results

The seven-topic LDA solution, summarized in Table
2 and visualized in Figure 6, achieved the highest
coherence gain relative to simpler models and
produced thematically coherent, non-overlapping
labels. Topic 1 (Intelligent Tutoring & Adaptive
Learning, 22% of the corpus) was the most prevalent,
encompassing studies on step-based tutoring, hint
generation, and mastery-based adaptive sequencing
(VanLehn, 2011; consistent with Woolf, 2010). Topic
2 (Learning Analytics & Educational Data Mining,
19%) captured predictive modeling of student
performance and dropout risk (Baker & Inventado,
2014). Topic 4 (Al Policy, Governance & Ethics in
Higher Education, 14%) and Topic 5 (Automated
Assessment & Feedback, 13%) were the next most
prevalent, followed by Topic 6 (Personalized
Learning Pathways, 12%), Topic 3 (Chatbots &
Conversational Agents, 11%), and Topic 7 (Teacher
Roles & Human-Al Collaboration, 9%).

Table 2. Summary of the Seven LDA Topics

Topi PO
Cp Label Top Keywords Corpu
S
Intelligent .
. tutor, adaptive,
T1 Tutorm_g & hint, mastery, 22%
Adaptive sequencin
Learning g g
Learning analytics,
Analytics & predictive, 0
T2 Educational dropout, 19%
Data Mining dashboard
Chatbots & chatbot,

T3  Conversationa
| Agents

dialogue, NLP,  11%
virtual assistant

% of

T(;p' Label Top Keywords Corpu
S
Al Policy, policy, ethics,
Governance & governance, 0
T4 Ethics in higher 14%
Higher Ed. education
Automated grading,
T5  Assessment & feedback, 13%
Feedback scoring, rubric
personalized personalization,
T6 Learning pathway, . 12%
Pathways recommendatio
n
Teacher Roles _;[_e:g\téelz
T7 & Human-Al Y 9%
Collaboration collaboration,
cobots

T1: Intelligent Tutoring
& Adaptive Learning
T2: Learning Analytics
& Educational Data Mining
T3: Chatbots &
Conversational Agents
T4: Al Policy, Governance
— i
& Ethics in Higher Ed.
T5: Automated Assessment
== & Feedback
— T6: Personalized Learning
Pathways
T7: Teacher Roles &
Human-Al Collaboration

o

4

Figure 6. LDA topic distribution across the 158-
study corpus.

4.5 Applications of Al in Education

Figure 7 disaggregates the corpus by the specific
application category emphasized in each study,
allowing multiple categories per study. Intelligent
tutoring systems (n = 28 studies) and adaptive learning
platforms (n = 24) were the most frequently studied
applications, followed closely by learning analytics
and predictive analytics tools (n = 22) and automated
grading and assessment systems (n = 19). Chatbots
and virtual assistants (n = 15) and personalized
content recommendation systems (n = 17) were
moderately represented, while plagiarism and
academic-integrity detection (n = 10) and
administrative automation (n = 8) received
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Figure 7. Reported applications of Al in education.

comparatively little empirical attention despite their
practical prevalence in institutional settings
(Chassignol et al., 2018; Renz & Hilbig, 2020).

4.7 Most Influential Works in the Corpus

Table 3 lists the ten most-cited works within the
analytic corpus, based on citation counts recorded at
the time of data extraction. Foundational contributions
on ITS effectiveness (VanLehn, 2011), higher-
education applications (Zawacki-Richter et al., 2019),
and broad conceptual framing of Al in education
(Luckin et al., 2016; Holmes et al., 2019) anchor the
field's most-cited work, underscoring the continued
influence of early-decade synthesis and meta-analytic
contributions on the corpus as a whole.

Table 3. Ten Most-Cited Works in the Corpus

Rank Authors (Year) Focus

1 VanLehn ITS vs. human tutoring
(2011) effectiveness
Zawacki- S
2 Richtoretal, Al applications in higher
(2019)
3 Luckinetal.  Conceptual argument for
(2016) Al in education
4 Holmes etal.  Promises & implications
(2019) of AIEd
5 Siemens & Learning analytics &
Baker (2012) EDM
Critical perspective on
6 Selwyn (2019) Al & teaching
7 Popenici & Kerr Al impact on
(2017) teaching/learning
Baker & . .
8 Inventado Educatlg\r:::\;jiztz mining
(2014)

Foundations of

9 Woolf (2010) intelligent tutors

Chen et al.
(2020a)

Comprehensive AIEd

10 .
review

4.6 Challenges Reported in the Literature

Figure 8 summarizes the frequency with which
specific challenges were discussed across the corpus.
Data privacy and ethics (n = 26) was the most
frequently cited concern, echoing Selwyn's (2019)
argument that Al adoption in education has often
outpaced ethical and regulatory safeguards. Teacher
readiness and digital literacy gaps (n = 24) and equity
and digital-divide concerns (n = 21) were also
prominent, followed by infrastructure and cost
barriers (n = 20) and algorithmic bias (n = 18). Weak
pedagogical grounding (n = 15), transparency and
explainability limitations (n = 14), and concerns about
overreliance or professional deskilling (n = 12) were
less frequently but still substantively discussed,
particularly in later years of the corpus (2019-2021),
suggesting growing critical reflexivity within the field
as it matured (Popenici & Kerr, 2017; Guilherme,
2019).

Data Privacy _|
& Ethics ‘ 26

Algorithmic _| | 18
Bias

Teacher Readiness / _| I 24
Digital Literacy

Infrastructure _|
& Cost

Weak Pedagogical
Grounding

Overreliance /
Deskilling
Equity &
Digital Divide
Transparency /
Explainability

I T T T T T
0 5 10 15 20 25

Figure 8. Reported challenges of Al in education.

5. Discussion

5.1 An Accelerating but Concentrated Field

The publication trend documented in Figure 2
confirms that AIEd research experienced its most
substantial growth in the second half of the decade
under review, a pattern consistent with, and extending,
earlier bibliometric snapshots that captured only
partial windows of this growth (Hinojo-Lucena et al.,
2019; Chen et al., 2020a). At the same time, the
concentration of output in a small number of countries
and journals (Section 4.2) raises questions about
whose educational contexts and student populations
are best represented in the evidence base — a concern
that resonates with broader critiques of geographic
and linguistic bias in educational technology research
(Tuomi, 2018).

5.2 Convergence Between Bibliometric and Topic-
Modeling Evidence

The keyword co-occurrence network (Figure 5) and
the LDA topic solution (Figure 6, Table 2) converged
on a highly similar thematic structure, with intelligent
tutoring/adaptive learning and learning
analytics/educational data mining forming the two



largest and most established clusters. This
convergence across two independent analytic methods
— one based on author-assigned keywords, the other
on inductive text modeling of abstracts — strengthens
confidence that these two themes represent the field's
genuine intellectual core rather than an artifact of a
single method (Zupic & Cater, 2015). The
comparatively smaller and more recent clusters — Al
policy/ethics and teacher-Al collaboration — suggest
thematic areas still consolidating as of 2021.

5.3 Applications Outpacing Critical Evaluation

Although intelligent tutoring and adaptive learning
dominate empirical attention (Section 4.5), the
challenges most frequently discussed (Section 4.6) —
privacy, teacher readiness, and equity — are not
primarily technical limitations of these systems but
socio-institutional  conditions  surrounding their
deployment. This pattern echoes Selwyn's (2019)
argument that debates about Al in education often
under-examine the human and institutional context of
implementation relative to the technical sophistication
of the tools themselves, and reinforces earlier calls
(Popenici & Kerr, 2017) for research agendas that
treat implementation context as a first-class variable
rather than an afterthought.

5.4 Comparison with Prior Reviews

The present findings are broadly consistent with, and
extend, Zawacki-Richter et al.'s (2019) systematic
review of Al applications in higher education, which
identified profiling/prediction, assessment/evaluation,
adaptive systems, and intelligent tutoring as the four
dominant application areas — categories that map
closely onto four of the seven topics identified here.
This study extends that earlier work by (a) covering
both  K-12 and higher-education contexts, (b)
incorporating a full decade of data through 2021 rather
than a narrower window, and (c) triangulating
keyword-based  bibliometric  mapping  with
independent topic modeling of abstract text.

5.5 Implications for Practice and Policy

For institutional leaders, the results suggest that
procurement and adoption decisions concerning Al-
based educational tools should be paired explicitly
with investment in teacher professional development
and data-governance infrastructure, rather than
treating the technology as a self-contained solution
(Baker & Smith, 2019; Renz & Hilbig, 2020). For
journal editors and funding bodies, the geographic and
topical concentration documented in Sections 4.2 and
4.5 suggests that targeted calls for research from
under-represented regions and on under-studied
applications  (e.g., administrative  automation,
academic-integrity detection) could meaningfully
diversify the evidence base. For researchers designing
new studies, the consistent gap between technical
sophistication and implementation-context evaluation
(Section 5.3) suggests that mixed-methods designs —

combining algorithmic performance metrics with
qualitative accounts of teacher and student experience
— may offer a more complete picture of real-world
impact than purely quantitative evaluations alone
(Cukurova et al., 2019).

6. Future Directions

Based on the patterns identified above, four directions
appear especially promising for the next phase of
AIEd research building on the 2010-2021 foundation
documented here:

= Explainability and transparency: As algorithmic
decision-making increasingly informs high-stakes
educational decisions (e.g., placement, early-warning
flags), research explicitly evaluating explainable Al
methods within educational contexts remains
comparatively rare (Section 4.6) and warrants
sustained attention.

= Teacher-Al collaboration models: Building on
Timms's (2016) cobot metaphor and TPACK-
informed accounts of teacher technology integration
(Guilherme, 2019), future work should more
explicitly design and evaluate Al tools intended to
augment rather than bypass teacher judgment.

= Equity-oriented implementation research: Given the
geographic concentration documented in Section 4.2
and the prominence of equity concerns in Section 4.6,
future studies should prioritize under-represented
regions, languages, and student populations, and
examine differential effects of Al tools across
socioeconomic contexts.

» Longitudinal and multi-site effectiveness evidence:
Much of the corpus relies on single-site, short-
duration evaluations; longitudinal, multi-institution
studies would strengthen causal claims about the
educational impact of Al tools first popularized during
this decade.

Taken together, these directions suggest that the field's
next decade is likely to be defined less by new
categories of Al application and more by deeper, more
rigorous, and more context-sensitive evaluation of the
application categories already well established by
2021.

7. Limitations

Several limitations should be considered when
interpreting these findings. First, restricting the corpus
to English-language publications indexed in four
major databases may have excluded relevant non-
English or regionally indexed research, potentially
reinforcing the geographic concentration noted in
Section 4.2 (Tuomi, 2018). Second, the LDA topic
model, like all unsupervised text-modeling
approaches, requires human interpretation and
labeling of topics, introducing an element of reviewer
judgment despite the use of coherence-score-guided
model selection (Blei, 2012). Third, because the



review was bounded to publications from 2010
through 2021, it necessarily excludes subsequent
developments in generative Al and large language
models that have since reshaped parts of the field; the
analysis should therefore be read as a historically
bounded account of AIEd research's first major decade
rather than a comprehensive account of the field's
current state.

8. Conclusion

This study combined systematic review methodology
with bibliometric mapping and topic modeling to
characterize a decade (2010-2021) of research on
artificial intelligence in education. Analysis of 158
studies drawn from an initial pool of 3,938 records
revealed an accelerating but geographically
concentrated field, organized around seven latent
themes converging on intelligent tutoring and
adaptive learning, learning analytics, conversational
agents, automated assessment, personalized learning,
Al policy and ethics, and evolving teacher roles.
Intelligent tutoring systems, adaptive learning
platforms, and learning analytics tools represented the
most consistently studied applications, while data
privacy, teacher readiness, and equity emerged as the
most persistent challenges. These findings offer a
bounded, historically grounded map of the field's first
major decade, and point toward explainability,
teacher-Al collaboration, equity-oriented
implementation, and longitudinal effectiveness
research as priorities for the research that has
followed.
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