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Abstract

By early 2022, a decade of rapid progress in generative language modeling — from early
sequence-to-sequence neural networks through the transformer architecture, GPT-1/GPT-2/GPT-
3, and code- and image-generation systems such as Codex and DALL-E — had positioned
generative artificial intelligence (AI) at the edge of mainstream educational adoption, shortly
before conversational large language model interfaces would bring the technology to a mass
audience. This paper presents a systematic review and bibliometric synthesis of research on
generative Al and large language model applications in education published between 2010 and
2021, capturing the field's foundational decade prior to that inflection point. Following PRISMA -
guided screening of 3,057 records identified across Scopus, Web of Science, the ACL Anthology,
and IEEE Xplore, 134 studies met inclusion criteria and formed the analytic corpus. Bibliometric
mapping of publication trends, leading venues, contributing countries, and keyword co-
occurrence networks was combined with thematic synthesis of application categories,
opportunities, and risks. Results show accelerating output after the 2017 introduction of the
transformer architecture and a further inflection following GPT-3's 2020 release, concentrated in
a relatively small set of computational-linguistics and educational-technology venues. Automated
writing evaluation and essay scoring, dialogue-based conversational tutoring agents, and
automatic question generation were the most frequently studied application categories. The most
consistently reported opportunities concerned scalable feedback and personalized practice
generation, while the most consistently reported risks concerned academic integrity, bias in
generated content, and factual inaccuracy (“hallucination”). The review synthesizes these findings
into an integrated conceptual map of generative Al's pre-2022 educational footprint and outlines
a forward-looking research agenda for the conversational large-language-model era that followed.
All literature synthesized and cited in this review was published before 2022, providing a
historically bounded account of generative Al in education on the eve of its mainstream arrival.

1. Introduction

Generative artificial intelligence — computational systems
capable of producing novel text, code, or other content rather
than merely classifying or retrieving existing content —
progressed with unusual speed between 2010 and 2021. What
began with sequence-to-sequence neural architectures for
machine translation (Sutskever et al., 2014) and neural attention
mechanisms (Bahdanau et al., 2015) culminated, within roughly
seven years, in the transformer architecture (Vaswani et al.,
2017) and the GPT family of large language models, whose
third iteration demonstrated few-shot task performance at a
scale that surprised much of the research community (Brown et

al., 2020; Floridi & Chiriatti, 2020). By the time OpenAl's
Codex extended generative pre-training to source code (Chen et
al., 2021) and DALL-E extended it to images (Ramesh et al.,
2021), it had become clear — to observers writing in the final
months before conversational large-language-model interfaces
reached mass consumer adoption — that generative Al was
poised to reshape a wide range of knowledge-work domains,
education prominently among them (Dale, 2021).

Education researchers had, in fact, already been experimenting
with generative and near-generative language technologies for
over a decade before this inflection point, largely without
describing their work using the term “generative AI” that would
later become common. Automated essay scoring systems



evolved from largely feature-engineered statistical models
toward neural architectures capable of holistic, and in some
cases explanatory, scoring (Taghipour & Ng, 2016; Ke & Ng,
2019). Dialogue-based intelligent tutoring systems matured
across nearly two decades of continuous development (Nye et
al., 2014). Chatbot-based learning support tools proliferated
rapidly after 2017 as conversational-agent frameworks became
more accessible to educational technologists (Winkler &
Sollner, 2018; Wollny et al., 2021). Automatic question
generation and grammatical error correction, both directly
generative tasks, saw substantial methodological advances
driven by the broader natural language processing community
(Kurdi et al., 2020; Ge et al., 2018).

At the same time, the arrival of GPT-3-scale models introduced
concerns that had been largely peripheral to earlier, narrower
generative applications. Bender et al. (2021) warned of the
environmental, financial, and representational risks of ever-
larger language models trained on uncurated web text — what
they termed “stochastic parrots.” Weidinger et al. (2021)
catalogued a broader taxonomy of language model harms
spanning misinformation, discrimination, and malicious use.
Dehouche (2021) specifically raised the alarm that GPT-3-
generated text could undermine academic integrity in ways
existing plagiarism-detection infrastructure was unprepared to
address — a concern that, in retrospect, anticipated debates that
would dominate education discourse within a year of that
paper's publication.

This review synthesizes that decade of pre-2022 research into a
single, historically bounded account, addressing four questions:
(1) How did research output on generative language
technologies in education evolve from 2010 to 2021, and which
venues, countries, and institutions contributed most? (2) What
thematic structure characterizes this literature, as revealed
through keyword co-occurrence analysis? (3) Which
application categories, opportunities, and risks received the
most sustained empirical and conceptual attention? (4) What
does this pre-2022 evidence base suggest about priorities for
research as conversational large language models entered
mainstream educational use?

2. Theoretical Background

2.1 From Sequence Models to the Transformer
Architecture

Early neural approaches to language generation relied on
recurrent architectures trained to map input sequences to output
sequences, as in Sutskever et al.'s (2014) sequence-to-sequence
framework for machine translation. Bahdanau et al. (2015)
introduced attention mechanisms allowing models to
selectively weight relevant portions of an input sequence,
substantially improving generation quality on long sequences.
Vaswani et al. (2017) then dispensed with recurrence entirely,
proposing the transformer architecture built solely on self-
attention — a design choice that proved dramatically more

parallelizable and scalable, and that underlies essentially all
major generative language models developed subsequently.

2.2 The GPT Lineage and Emergent Few-Shot Capability

Conceptual Ecosystem of Generative Al
Applications in Education

A
A 4

ploratory GP

Prototypes

Generative
Al in
Education

Question
‘Generation

Grammar &
eedback Tools]

Figure 9. Conceptual ecosystem of generative Al applications in
education.

Radford et al. (2018) introduced generative pre-training (GPT-
1), demonstrating that a transformer decoder pre-trained on
unlabeled text and fine-tuned on downstream tasks could
outperform task-specific architectures. Radford et al. (2019)
scaled this approach substantially with GPT-2, observing that
sufficiently large pre-trained language models could perform a
range of tasks with little or no task-specific fine-tuning. Brown
et al. (2020) extended this trajectory further with GPT-3, a 175-
billion-parameter model demonstrating strong few-shot and
even zero-shot performance across dozens of tasks without
gradient updates — a capability with direct, if not yet fully
explored, implications for on-demand educational content
generation (Dale, 2021). Related pre-training approaches,
including BERT's bidirectional masked-language-model
objective (Devlin et al., 2019) and T5's unified text-to-text
framing (Raffel et al., 2020), further diversified the technical
landscape from which generative educational applications
drew.

2.3 Automated Writing Evaluation and Essay Scoring

Automated essay scoring has one of the longest development
histories among generative-adjacent educational technologies,
evolving from statistical and feature-engineered systems such
as e-rater (Burstein et al., 2013) toward neural architectures
capable of learning holistic scoring functions directly from text
(Taghipour & Ng, 2016). Roscoe and McNamara (2013)
extended this work beyond scoring toward formative writing
strategy instruction with the Writing Pal intelligent tutoring
system. Ke and Ng's (2019) survey of the field identified a clear
trajectory toward increasingly sophisticated neural scoring
models, while Hussein et al. (2019) cautioned that scoring
accuracy alone was an insufficient criterion for classroom
adoption absent explanatory feedback.

2.4 Conversational Agents and Dialogue-Based Tutoring



Nye et al. (2014) reviewed 17 years of development on
AutoTutor and related natural-language tutoring systems,
documenting sustained progress in dialogue-based instructional
support well before the current generation of transformer-based
chatbots. Following broader advances in conversational-agent
frameworks, chatbot-based learning tools proliferated across
higher education contexts (Winkler & Soéllner, 2018; Hobert,
2019; Winkler et al., 2020), with systematic reviews
documenting applications spanning programming instruction,
language learning, and academic advising (Okonkwo & Ade-
Ibijola, 2021; Wollny et al., 2021).

2.5 Ethical Frameworks for Large Language Models

As language models grew in scale and generative fluency,
researchers increasingly examined their social and ethical
implications. Bender et al. (2021) argued that ever-larger
language models risk encoding and amplifying biases present in
their training data while offering limited transparency into their
failure modes. Weidinger et al. (2021) proposed a structured
taxonomy of language model risks spanning discrimination,
information hazards, misinformation, malicious uses, and
human-computer interaction harms. Within education
specifically, Dehouche (2021) offered an early, prescient
analysis of how GPT-3-quality text generation could complicate
academic integrity enforcement — a concern this review's
Results section shows was already gaining empirical traction
before 2022.

3. Methodology

3.1 Review Design

This study followed a two-stage design: (a) a systematic
literature search and PRISMA-guided screening process to
build a bounded corpus of generative-Al-in-education research
published between January 2010 and December 2021; and (b)
bibliometric analysis of the resulting corpus combined with
thematic synthesis of application categories, opportunities, and
risks.

3.2 Search Strategy and Data Sources

Four databases were searched: Scopus, Web of Science Core
Collection, the ACL Anthology, and IEEE Xplore. The search
string combined generative-technology terms (“generative Al,”
“language model,” “GPT,” “natural language generation,”
“neural text generation,” “chatbot,” “automated essay scoring”)
with education-related terms (“education,” “learning,”
“teaching,” “student,” “writing,” “tutoring”), restricted to the
2010-2021 window and to English-language peer-reviewed
journal articles and conference proceedings. The initial search
returned 2,986 records; an additional 71 records were identified
through manual reference-list screening of key surveys (e.g., Ke
& Ng, 2019; Wollny et al., 2021), for a combined total of 3,057
records prior to de-duplication.
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3.3 Screening and Eligibility Criteria

After removing duplicates (n = 2,340 unique records remained),
two reviewers independently screened titles and abstracts
against the inclusion criteria summarized in Table 1. Full texts
of 447 records were then assessed for eligibility, with 313
excluded for reasons including publication outside the 2010—
2021 window, non-empirical or purely technical machine-
learning content without an educational application, and
insufficient bibliographic metadata. The final corpus comprised
134 studies, all published between 2010 and 2021 (see Figure

1.
Table 1. Inclusion and Exclusion Criteria

Criterion Inclusion Exclusion
Publication period 2010-2021 Before 2010 / in or
after 2022
Journal article or Editorials, commentary

conference paper

Document type

Topical focus Generative/NLG Purely technical NLP
technology applied to with no educational
education application
Language English Non-English,
untranslated
Content type Empirical, review, or Abstract-only, opinion
substantive theory pieces
paper
Metadata Complete bibliographic | Incomplete/unverifiable
record

Figure 1. PRISMA-style flow of study selection
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Figure 1: PRISMA- Style flow of study Selection

3.4 Bibliometric Analysis Procedure

Descriptive bibliometric indicators — annual publication
counts, leading venues, contributing countries, and author
keyword frequencies — were computed from the metadata of
the 134 included studies. Keyword co-occurrence networks
were constructed by treating each pair of author keywords



appearing in the same document as a weighted edge, with force-
directed layout used to position thematically related keywords
near one another.

3.5 Thematic Synthesis Procedure

Two reviewers independently coded each study's primary
application category, reported opportunities, and reported risks
using an inductively developed coding frame, refined iteratively
against a 15-study calibration subsample before being applied
to the full corpus. Disagreements were resolved through
discussion. Given the technical heterogeneity of the corpus —
spanning computational-linguistics venues, educational-
technology venues, and general Al-ethics venues — particular
care was taken to ensure consistent coding of studies that used
different terminology (e.g., “neural text generation” versus
“generative Al”) to describe substantively similar techniques.

3.6 Analytic Software and Reproducibility

Bibliometric computations and network visualizations were
produced using Python-based scientific computing libraries. All
descriptive counts reported in Section 4 are drawn directly from
the 134-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 studies meeting
inclusion criteria from 2010 to 2021. Output grew slowly
through the first half of the decade (4 studies in 2010 rising to
11 by 2015) before accelerating following the 2017 introduction
of the transformer architecture (Vaswani et al., 2017), and
accelerating further still after GPT-3's 2020 release (Brown et
al., 2020), reaching 68 studies by 2021 — roughly 17 times the
2010 output within a single decade. This trajectory suggests
that, even before conversational large-language-model
interfaces reached the public, the underlying research base was
already expanding rapidly in anticipation of generative Al's
educational relevance.

Annual Generative-Al-in-Education
Publications, 2010-2021

68

70
GPT-3
released
60 4 (2020)

Transformer
50 architecture
(2017)

Number of publications

Figure 2. Annual generative-Al-in-education publication trend, 2010-
2021.

4.2 Leading Countries and Source Venues

Figure 3 summarizes the ten most productive countries in the
corpus. The United States (n =31) and China (n = 22) were the
leading contributors, followed by the United Kingdom,
Germany, and India, reflecting both established computational-
linguistics research capacity and rapidly growing Al-in-
education research programs in South and East Asia.

Figure 4 presents the eight most frequent source venues.
Computers & Education and the International Journal of
Artificial Intelligence in Education led among educational-
technology  outlets, while @~ ACL/EMNLP conference
proceedings — the flagship venues of the computational
linguistics community — also ranked among the most frequent
sources, reflecting this literature's position at the intersection of
natural language processing and educational technology
research (Litman, 2016).
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Figure 3. Top ten contributing countries, 2010-2021.

Leading Source Venues (2010-2021)
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Figure 4. Leading source venues, 2010-2021.

4.3 Keyword Co-occurrence Network

Figure 5 presents the keyword co-occurrence network derived
from author keywords across the 134 included studies.
“Generative language models” occupied the most central
position, directly connected to major thematic hubs including
“GPT,” “transformer architecture,” “automated essay scoring,”
“natural language generation,” “chatbots/conversational
agents,” and “bias and fairness.” A distinct cluster links GPT,
few-shot learning, and academic integrity, foreshadowing
concerns that would become far more prominent after 2021,



while a separate, more established cluster links automated essay
scoring, feedback generation, and grammatical error correction
— themes with roots earlier in the decade (Burstein et al., 2013;
Taghipour & Ng, 2016).
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Figure 5. Keyword co-occurrence network of generative-Al-in-education
literature.

4.4 Application Categories

Figure 6 disaggregates the corpus by primary application
category. Automated writing evaluation and essay scoring (27%
of studies) was the most frequently studied category, reflecting
its long development history (Ke & Ng, 2019), followed by
conversational agents and dialogue-based tutors (23%) and
automatic question generation (16%). Grammatical error
correction (14%) and automated feedback generation (12%)
were moderately represented, while exploratory studies
applying GPT-3 directly to educational tasks (8%) represented
the smallest but fastest-growing category, consistent with GPT-
3's comparatively recent 2020 release (Brown et al., 2020; Dale,
2021).
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Figure 6. Generative-Al application categories in education, 2010-2021.

4.5 Reported Opportunities

Figure 7 summarizes the opportunities most frequently reported
across the corpus. Scalable, immediate writing feedback (n =24
studies) was the most consistently cited advantage, followed by

personalized practice-question generation (n = 20) and 24/7
conversational tutoring support (n = 19). Reduced instructor
grading burden, consistent rubric-aligned scoring, language-
learning conversation practice, rapid content-drafting
assistance, and support for low-resource language contexts
were each reported with moderate frequency, illustrating a
broad, if unevenly distributed, sense of generative Al's
pedagogical promise even before its mainstream arrival (Nye et
al., 2014; Winkler et al., 2020).
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Figure 7. Reported opportunities of generative Al in education.

4.6 Reported Risks and Challenges

Figure 8 summarizes the frequency with which specific risks
and challenges were discussed across the corpus. Academic
integrity and plagiarism risk (n = 28) was the most frequently
cited concern, a theme that intensified sharply in studies
published in 2020-2021 following GPT-3's release (Dehouche,
2021). Bias and fairness in generated content (n = 22) and
factual inaccuracy or “hallucination” (n = 19) were also
prominent, echoing broader Al-ethics scholarship (Bender et
al., 2021; Weidinger et al., 2021). Overreliance and skill
atrophy (n = 17), lack of transparency (n = 15), data privacy in
student interactions (n = 13), insufficient pedagogical
grounding (n = 16), and unequal access to compute-intensive
tools (n = 11) were discussed somewhat less frequently but still
substantively, particularly within the 2019-2021 subsample.
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Figure 8. Reported risks and challenges of generative Al in education.



4.7 Most Influential Works in the Corpus

Table 2 lists the ten most-cited works within the analytic corpus.
Foundational architecture papers (Vaswani et al., 2017; Devlin
et al., 2019) and the core GPT lineage papers (Radford et al.,
2019; Brown et al., 2020) anchor the field's most-cited work
alongside applied educational-technology contributions
(Taghipour & Ng, 2016; Nye et al., 2014), illustrating how
generative-Al-in-education research drew simultaneously on
computational-linguistics ~ foundations and  pre-existing
educational-technology traditions.

Table 2. Ten Most-Cited Works in the Corpus

Rank Authors (Year) Focus
1 Vaswani et al. (2017) Transformer architecture
2 Brown et al. (2020) GPT-3, few-shot learning
at scale
3 Devlin et al. (2019) BERT bidirectional pre-
training
4 Radford et al. (2019) GPT-2, unsupervised
multitask learning
5 Taghipour & Ng (2016) Neural approach to essay
scoring
6 Nye et al. (2014) 17 years of AutoTutor
dialogue tutoring
7 Bender et al. (2021) Risks of large language
models
8 Sutskever et al. (2014) Sequence-to-sequence
learning
9 Ke & Ng (2019) Survey of automated essay
scoring
10 Floridi & Chiriatti (2020) GPT-3 nature, scope, and

limits

4.8 Timeline of Technical Milestones

Figure 9 situates the corpus against the underlying technical
trajectory of generative language modeling. The clustering of
publication growth documented in Section 4.1 aligns closely
with three inflection points on this timeline: the 2017
transformer architecture, the 2019 release of GPT-2, and the
2020 release of GPT-3 — each followed within one to two years
by a measurable increase in educationally focused generative-
Al research, suggesting a consistent, if modestly lagged,
translation from core NLP advances into educational
application research across the decade. This temporal pattern
indicates that advances in foundational language-model
capabilities tend to precede their systematic investigation within
educational contexts. The lag may reflect the time required for
researchers to identify pedagogically relevant applications,
develop appropriate evaluation frameworks, and assess
emerging risks. The increasing volume of studies after major
model releases also suggests a gradual shift from technical
exploration toward interdisciplinary investigation of learning,
assessment, teaching, and academic integrity. Consequently,
the trajectory illustrated in Figure 9 highlights how rapid
progress in generative language technologies has progressively
reshaped the research agenda within education. This pattern
further underscores the cumulative nature of generative-Al
research, where foundational advances gradually create new
opportunities for educational experimentation. It also
demonstrates the growing responsiveness of educational

scholarship to rapid developments in language-model
capabilities.

Figure 10. Timeline of Key Generative Language
Model Milestones, 2010-2021
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Figure 9. Timeline of Key Generative Language Model Milestone

5. Discussion

5.1 A Field Accelerating in Step with Its Underlying
Technology

The publication trend documented in Figure 2, read alongside
the technical timeline in Figure 10, shows a research field
whose growth closely tracked, with a short lag, major advances
in the underlying generative modeling technology. This pattern
differs from more application-driven educational technology
subfields, where adoption is often paced by institutional and
policy factors as much as by technical capability (cf. broader
EdTech adoption patterns); here, the pacing appears
substantially technology-led, consistent with the field's roots in
computational linguistics as much as education research
(Litman, 2016).

5.2 Convergence Between Bibliometric and Thematic
Evidence

The keyword co-occurrence network (Figure 5) and the
application-category breakdown (Figure 6) converged on a
consistent picture: automated writing evaluation and
conversational tutoring agents represent the field's two most
established application clusters, both with development
histories predating the GPT lineage (Burstein et al., 2013; Nye
et al.,, 2014). The comparatively small but rapidly emerging
GPT-3-exploratory cluster (Section 4.4) suggests a field on the
cusp of a paradigm shift, consistent with contemporaneous
technical commentary describing GPT-3 as qualitatively, not
just incrementally, different from prior generation models
(Floridi & Chiriatti, 2020; Dale, 2021).



5.3 Opportunities and Risks as Two Faces of Scale

The opportunities most frequently reported (Section 4.5) —
scalability, personalization, availability — and the risks most
frequently reported (Section 4.6) — academic integrity, bias,
hallucination — both trace directly to the same underlying
property: the capacity of large generative models to produce
fluent, contextually appropriate text at scale without human
intervention. This duality had already been clearly articulated
by the close of 2021 (Bender et al., 2021; Dehouche, 2021),
suggesting that the risks widely discussed in generative-Al-in-
education discourse from 2022 onward were not unanticipated
but rather a rapid, large-scale realization of concerns already
present, if less urgently discussed, in the pre-2022 literature.

5.4 Comparison with Prior Reviews

These findings extend Ke and Ng's (2019) survey of automated
essay scoring and Wollny et al.'s (2021) systematic review of
chatbots in education by situating both literatures within a
single, decade-long bibliometric account that also incorporates
the broader GPT lineage and its associated ethical discourse
(Bender et al., 2021; Weidinger et al., 2021). This integration
reveals connections — for example, between essay-scoring
research and GPT-3-exploratory studies — that are less visible
when these subfields are reviewed separately.

5.5 Implications for Practice and Policy

For institutional leaders approaching the conversational-large-
language-model era, these results suggest that academic
integrity policy should be developed proactively rather than
reactively, given that the underlying concern was already well
documented before 2022 (Dehouche, 2021). For educational-
technology developers, the consistent opportunity-risk duality
identified in Section 5.3 suggests that generative writing and
tutoring tools should be designed with explicit provenance and
explainability features from the outset, rather than retrofitted
after deployment (Bender et al., 2021). For researchers, the
historical continuity between pre-GPT automated essay scoring
research and post-GPT-3 exploratory studies (Section 5.2)
suggests that new generative-Al-in-education research should
more deliberately build on, rather than treat as obsolete, the
substantial pre-2022 evidence base on automated writing
evaluation and dialogue-based tutoring.

6. Future Directions

Based on the patterns identified above, four directions appear
especially promising for research building on the 2010-2021
foundation documented here, as the field moves into the
conversational large-language-model era:

= Proactive academic integrity frameworks: Building on early
warnings (Dehouche, 2021), future work should develop
and validate integrity policies and detection approaches
designed explicitly for high-fluency generative text, rather
than adapting frameworks built for earlier, more detectable
forms of academic misconduct.

= Bias and fairness auditing for educational generative Al:
Extending general-purpose language model risk taxonomies
(Bender et al., 2021; Weidinger et al., 2021) to education-
specific contexts — for example, auditing whether
automated feedback or scoring systems perform equitably
across student populations with varying linguistic
backgrounds.

= Explainable generation for pedagogical trust: Given the
transparency concerns identified in Section 4.6, future
systems should prioritize explainable, provenance-aware
generation, allowing students and instructors to understand
why a given piece of feedback, question, or tutoring
response was produced.

» Longitudinal integration studies: As generative Al tools
move from exploratory research prototypes (Section 4.4)
toward mainstream classroom use, longitudinal studies
tracking learning outcomes, skill development, and
overreliance risk across multiple terms will be essential to
responsibly integrating these tools into standard practice.

Taken together, these directions suggest that the field's next
phase will be defined less by demonstrating that generative Al
can perform educational tasks — a case largely made by the pre-
2022 literature reviewed here — and more by rigorously
governing how it should be integrated into real educational
settings.

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 regionally indexed research, particularly
given rapidly growing computational-linguistics research
programs outside the countries identified in Section 4.2.
Second, the coding of application categories, opportunities, and
risks required reviewer judgment despite calibration
procedures, and the field's terminological heterogeneity (e.g.,
“neural text generation” versus “generative AI”) may have
introduced some classification imprecision. Third, and most
importantly, because the review was bounded to publications
through 2021, it necessarily excludes the subsequent, far larger
body of research examining conversational large language
models directly in educational contexts; the analysis should
therefore be read as a historically bounded account of the
decade culminating in, rather than following, generative Al's
mainstream educational arrival.

8. Conclusion

This study combined systematic review methodology with
bibliometric mapping and thematic synthesis to characterize a
decade (2010-2021) of research on generative artificial
intelligence and large language model applications in
education. Analysis of 134 studies drawn from an initial pool of
3,057 records revealed a field whose growth closely tracked
major technical milestones — the transformer architecture,
GPT-2, and GPT-3 — culminating in 68 studies published in
2021 alone, roughly seventeen times the 2010 output.



Automated writing evaluation, conversational tutoring agents,
and automatic question generation represented the most
consistently studied application categories, while scalable
feedback and personalization were the most consistently
reported opportunities, and academic integrity, bias, and factual
inaccuracy were the most persistent risks. These findings offer
a bounded, historically grounded map of the decade leading into
generative Al's mainstream educational arrival, and point
toward proactive integrity frameworks, bias auditing,
explainable generation, and longitudinal integration research as
priorities for the research that followed.
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