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Abstract. The rapid advancement of artificial intelligence (Al),
particularly generative Al and large language models, has transformed
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educational assessment practices, raising concerns regarding assessment
validity, academic integrity, human judgement, and governance. This
study aims to map the intellectual landscape of Al-driven assessment
research and synthesise key developments that inform the design,
implementation, and governance of Al-supported assessment. A
bibliometric analysis was conducted on820 Scopus-indexed
publications published between 2015 and 2025. Using VOSviewer,
publication trend analysis, keyword co-occurrence analysis, and
bibliographic coupling analysis were employed to examine research
productivity, thematic evolution, and intellectual structures within the
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analyses further indicate growing intellectual convergence around
assessment redesign, human-Al collaboration, academic integrity, and
responsible Al use. These findings suggest that Al-driven assessment has
evolved beyond technological implementation toward a broader socio-
technical discourse encompassing pedagogical, ethical, and governance
considerations. Based on the synthesis of the findings, this study proposes
the Human-Al Governance and Design (HAGD) Framework, comprising
three interdependent dimensions: Assessment Design, Human-Al Role
Allocation, and Governance and Oversight. The framework provides a
structured foundation for the responsible integration of Al into
educational assessment while maintaining educational quality, fairness,
transparency, and public trust. The study contributes to the growing
discourse on Al-driven assessment and offers practical insights for
educators, assessment designers, and policymakers.

Keywords: artificial intelligence; generative Al; educational assessment;
bibliometric analysis; human-Al collaboration; assessment governance;
education

1. Introduction

The convergence of advanced technologies and data-driven methodologies has
fundamentally reshaped the modern educational landscape. Within this
transformative environment, artificial intelligence (AI) has emerged as a
particularly influential force, redefining traditional paradigms of teaching,
learning, and, most notably, assessment practices (Cope et al., 2021; Mao et al.,
2024). The progression of artificial intelligence in educational assessment has
undergone significant technological and conceptual transformations, beginning
with early explorations of computer-assisted instruction in the mid-20th century,
which laid the foundation for integrating technology into pedagogical
environments (Vashishth et al., 2024).

This historical context is critical for understanding the subsequent evolution
toward more sophisticated systems. Initially, the primary Al applications in
assessment were rule-based systems, often referred to as Automatic Assessment
Tools (AATs). These tools were highly effective at evaluating objective, well-
structured tasks, such as multiple-choice questions, short-answer responses, and
programming assignments, by employing static analysis techniques, including
syntax checking, and dynamic analysis via unit testing (Gao, 2025). These early
systems were characterised by a focus on automating the grading of structured
data, thereby serving a clear, albeit limited, function.

A significant and far-reaching paradigm shift has occurred with the advent of
generative artificial intelligence (GenAl) and large language models (LLMs) (Mao
et al., 2024; Xia et al., 2024). Unlike AATs, which operate according to predefined
rules, LLMs are trained on large-scale datasets and use natural language
processing (NLP) to evaluate complex, open-ended tasks, such as essays and
discussions (Fagbohun et al., 2024; Xu et al., 2024). This technological leap enables
the assessment of subjective work, fundamentally altering what can be
automatically graded. The generative capacity of these models, which can create
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human-like text, is the very attribute that enables their use in evaluating complex
submissions while also introducing new challenges related to academic integrity
(Giannakos et al., 2025).

Research has systematically benchmarked the performance of these tools,
quantifying their capabilities and limitations. A multi-institutional study of
engineering education assessments found that, as of early 2023, ChatGPT-3.5
could achieve passable grades on a wide range of assessments, demonstrating
particular strengths in written activities (Nikolic et al., 2023). However, it often
struggled with numerical tasks and assessments requiring interpretation of
diagrams or tables (Nikolic et al., 2023). An updated study conducted a year later
revealed that newer tools, including ChatGPT-4, Copilot, and Gemini, had made
substantial performance gains (Nikolic et al., 2024). This updated analysis found
that these more advanced tools demonstrated promising, albeit imperfect,
capabilities with complex images and documents, further blurring the lines
between what is considered a secure or bulletproof assessment (Nikolic et al.,
2024).

This progression from rule-based automated assessment tools (AATs) to
sophisticated generative large language models (LLMs) is not merely a
technological upgrade; it represents a profound shift in purpose. Early tools were
primarily designed to automate the evaluation of simple outputs of the learning
process, such as quizzes or structured assignments. The capabilities of modern
GenAl models, by contrast, move the technology from a tool of simple efficiency
to a potential partner in complex pedagogical processes, including brainstorming,
outlining, and drafting (Luckin et al., 2016; Holmes et al., 2019). This presents a
new layer of challenges. If a system can produce a passable essay or project
component, it can undermine the very purpose of assessments designed to
measure a student’s own cognitive process and intellectual effort (Sweeney, 2023).
Some benchmarked studies highlight a critical concern: the capabilities of these
systems are evolving more rapidly than institutions can redesign assessment
practices or establish policies to safeguard academic integrity (Zawacki-Richter et
al., 2019; Chen et al., 2020).

Given this rapid development, there is an urgent need to systematically study Al
for assessment to understand both its current applications and future direction.
While scattered studies exist, the field lacks a comprehensive mapping of research
trends, influential works, and thematic clusters that indicate the direction of
scholarship. For instance, a search of related documents on bibliometric studies in
the Scopus database yielded only five results, of which two are unrelated to
education; the remaining three are closely related, but one is a conference paper,
and two are lecture notes.

The current study is significant because it encompasses a broader range of
bibliometric analyses, including coherence analysis and bibliographic coupling,
thereby providing a more detailed understanding of research trends in the field.
Bibliometric methods enable researchers to uncover knowledge structures,
identify highly cited works shaping the discourse, and track emerging themes
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such as adaptive feedback, fairness, ethical implications, and policy frameworks.
By using bibliometric techniques, scholars can develop a clearer picture of the
past, present, and potential future of Al in assessment, helping educational
systems to make informed and responsible decisions about integrating these
technologies (Prasad et al., 2025).

While existing reviews and bibliometric studies have mapped the growth of
artificial intelligence research in education, fewer studies explicitly translate these
patterns into guidance for assessment design, validity, and governance.
Responding to this gap, the present study not only maps the intellectual structure
of Al-driven assessment research but also synthesises its implications into a
conceptual framework intended to inform assessment design decisions, human-
Al role allocation, and institutional policy in Al-rich educational environments.

Specifically, the research questions (RQ) this study aims to answer are:

RQ1: What are the publication trends and research patterns in Al-driven
assessment in education between 2015 and 2025?

RQ2: What thematic clusters and intellectual structures characterise Al-driven
assessment research?

RQ3: How can the bibliometric findings inform the development of a framework
for Al-driven assessment design and governance?

2. Methodology

This study employed a systematic bibliometric approach to analyse research
trends related to Al-driven assessment in education. The methodology was
informed by the principles of Systematic Literature Review (SLR), which provides
a rigorous and transparent process for identifying, screening, and synthesising
scholarly literature (Xiao & Watson, 2019). Integrating bibliometric analysis with
systematic review principles enables a structured examination of the

development, thematic evolution, and intellectual structure of research within the
field (Table 1, Figure 1).

The Scopus database was selected as the primary data source due to its extensive
and reliable coverage of peer-reviewed journals, conference proceedings, books,
and interdisciplinary scholarly publications (Harzing & Alakangas, 2016). To
ensure conceptual precision and thematic relevance, the search strategy was
restricted to the TITLE field. Preliminary, broader searches using TITLE-ABS-KEY
yielded an excessively large and heterogeneous dataset, including numerous
publications in which Al or assessment appeared only marginally. Therefore, the
title-focused strategy was adopted to prioritise publications explicitly centred on
Al-driven assessment in educational contexts.

The search string combined Al-related terms such as “artificial intelligence,” “ AL"”
“generative Al,” “GenAl” “ChatGPT,” “large language model*,” and “LLM*”
with assessment-related terms including “assessment,” “evaluation,” “grading,”
“feedback,” “e-assessment,” “automated assessment,” and “educational
assessment,” together with educational context terms such as “education,”
“higher education,” “university,” and “college.” The initial search without

o
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restrictions yielded 1,115 records. Subsequently, publication year and language
limits were applied, restricting the dataset to English-language publications from
2015 to 2025, resulting in a final dataset of 820 records.

The retrieved records underwent data cleaning to ensure consistency and
accuracy prior to analysis. This process included verification of document titles,
authors’ names, and Digital Object Identifiers (DOIs), as well as the removal of
incomplete or irrelevant records identified during screening. Detailed
information regarding the search strategy, inclusion and exclusion criteria, and
screening procedure is presented in Table 1 and Figure 1.

The bibliometric analysis was conducted using VOSviewer software (van Eck &
Waltman, 2010), which enables the construction and visualisation of bibliometric
networks. The default VOSviewer clustering parameters were applied, with a
resolution parameter of 1.00 and a maximum of 1000 iterations. Co-occurrence
analysis was employed to identify major keyword clusters and thematic
relationships within the literature, while bibliographic coupling analysis was used
to examine intellectual linkages and influential research contributions across the
field. In addition to descriptive bibliometric mapping, the findings were
interpretively synthesised to derive implications related to assessment design,
governance, ethics, validity, fairness, and the evolving role of Al in educational
assessment practices.

By integrating systematic review principles with bibliometric techniques, the
methodology provides a robust and transparent foundation for examining how
Al-driven assessment research has evolved over time and how emerging trends
may inform future assessment design, human-Al role allocation, and governance
considerations in educational settings.

Table 1: Search string

Database Scopus
Time Period 2015-2025
Search field Article title

Search keywords = Round 1: TITLE ((“artificial intelligence" OR Al OR "generative AI" OR
GenAlI OR ChatGPT OR '"large language model* OR LLM*) AND
(assessment OR evaluation OR grading OR feedback OR "e-assessment" OR
"automated assessment" OR "educational assessment") AND (education OR
"higher education" OR university OR universities OR college OR colleges))

(1,115 documents)

Round 2:

TITLE ((“artificial intelligence" OR Al OR "generative AI' OR GenAl OR
ChatGPT OR '"large language model*" OR LLM*) AND (assessment OR
evaluation OR grading OR feedback OR '"e-assessment" OR "automated
assessment" OR '"educational assessment") AND (education OR "higher
education" OR university OR universities OR college OR colleges)) AND
LIMIT-TO (LANGUAGE, "English")) AND PUBYEAR > 2014 AND

PUBYEAR < 2026
(820 documents)
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PRISMA FLOW DIAGRAM OF THE STUDY

Al for Assessment in Education (2015-2025)

1. IDENTIFICATION

Database: Scopus
Search Field: Article Title

Round 1 Search String — No limits applied

TITLE ( ( “artificial intelligence” OR Al OR “generative Al” OR GenAl OR ChatGPT
OR “large language model*” OR LLM* )

AND ( assessment OR evaluation OR grading OR feedback OR “e-assessment”

OR “automated assessment” OR “educational assessment” )

AND ( education OR “higher education” OR university OR universities

OR college OR colleges ) )

Records identified through database searching:

n=1115

2. SCREENING

Round 2 Search String — Limits applied

TITLE ( ( “artificial intelligence” OR Al OR “generative Al” OR GenAl OR ChatGPT
OR “large language model*” OR LLM* )

AND ( assessment OR evaluation OR grading OR feedback OR “e-assessment”
OR “automated assessment” OR “educational assessment” )

AND ( education OR “higher education” OR university OR universities

OR college OR colleges ) )

AND ( LIMIT-TO ( LANGUAGE , “English” ))

AND PUBYEAR > 2014
AND PUBYEAR < 2026

Screening criteria applied:
* English-language publications only
o Publication years: 2015-2025 (PUBYEAR > 2014 AND PUBYEAR < 2026)

3. ELIGIBILITY

Records after screening and filtering:

Screening process:

* Manual screening conducted independently by two researchers
» Verification of titles, authors, publication years, and DOIs

* Removal of incomplete or duplicate records

v

4. INCLUDED Final records included for bibliometric analysis:
n = 820
v
Data cleaning procedures:
e Verification of metadata consistency
5' DATA CLEANING & * Keyword standardisation using VOSviewer thesaurus file
NORMALISATION e Merging of synonymous and plural terms (e.g., “generative Al” and
“generative artificial intelligence”)
e Removal of fragmented keyword variations
Analyses conducted: | Analysis settings:
6. BIBLIOMETRIC Software: 1. Co-occurrence Analysis ! o Full counting method
(Keyword co-occurrence) e Association strength
ANALYSIS normalisation

version 1.6.20 2. Bibliographic Coupling Analysis

e Minimum occurrence
(Documents)

i thresholds applied

i
]
VOSviewer i
|
i (see methodology text)

Figure 1: PRISMA flow diagram of the study
(Adapted from Mohamad Hanefar et al., 2025)
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2.1 Data Cleaning, Screening, and Bibliometric Analysis Procedures

The retrieved records were exported from the Scopus database in CSV format and
processed using Microsoft Excel and VOSviewer version 1.6.20 for data cleaning,
screening, and bibliometric analysis. Prior to analysis, the dataset underwent a
systematic verification process to ensure accuracy, consistency, and relevance.
This process included checking document titles, author names, publication years,
source titles, and Digital Object Identifiers (DOIs). Duplicate and incomplete
records were manually reviewed and removed where necessary.

The screening process was conducted manually by two researchers
independently to improve consistency and minimise selection bias. The
researchers reviewed the retrieved records against the predefined inclusion and
exclusion criteria, focusing specifically on publication year and language. Any
discrepancies identified during the screening process were discussed and
resolved through consensus. The final screening process retained 820 English-
language publications from 2015 to 2025 for bibliometric analysis.

To improve the reliability and interpretability of the bibliometric mapping,
keyword normalisation procedures were applied before conducting the co-
occurrence analysis. Variations in terminology, plural forms, abbreviations, and
synonymous keywords were standardised using a VOSviewer thesaurus file. For
example, terms such as “generative artificial intelligence” and “generative Al”
were merged into a single standardised keyword, while singular and plural
variations such as “large language model” and “large language models” were
unified. This process reduced fragmentation within the keyword network and
improved the accuracy of thematic clustering.

The bibliometric analysis was conducted using VOSviewer version 1.6.20 (van Eck
& Waltman, 2010). The software was selected for its ability to effectively construct,
visualise, and analyse bibliometric networks. Co-occurrence analysis was
employed to identify major research themes and keyword clusters within the
tield, while bibliographic coupling analysis was used to examine intellectual
relationships and influential contributions among publications. The analysis
adopted the full counting method and association strength normalisation to
measure relationships between nodes within the bibliometric networks.
Minimum occurrence thresholds were applied to improve network clarity and
reduce noise from low-frequency terms.

The generated bibliometric maps were interpreted based on node size, link
strength, clustering patterns, and thematic relationships. Larger nodes
represented higher keyword frequency or publication influence, while stronger
linkages indicated closer thematic or intellectual relationships between items. The
findings from these analyses were subsequently synthesised to support
discussion on emerging trends, assessment design implications, governance
considerations, and the evolving role of Al in educational assessment practices.
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2.2 Data Analysis Steps

2.2.1 Step 1: Research trends and patterns

This step provides a descriptive analysis of the collected documents to illustrate
the field’s growth over time and the dominant publication formats. By examining
annual outputs, the analysis highlights the increasing scholarly attention to Al in
assessment, particularly following advances in machine learning and the
development of adaptive testing. Document type analysis (e.g., journal articles,
conference papers, policy papers) further reveals the primary dissemination
channels and the relative emphasis placed on different forms of scholarly
communication within the field.

2.2.2 Step 2: Co-occurrence analysis

Co-occurrence analysis is applied to uncover the key research themes in the field.
By analysing how often keywords co-occur within the same documents, the
method identifies central clusters that represent distinct themes (Klarin, 2024).
These clusters capture both the technological and pedagogical dimensions of Al-
driven assessment, as well as recurring concerns about fairness, bias, and
transparency, thereby revealing the intellectual structure of the research
landscape.

2.2.3 Step 3: Bibliographic coupling

The final step identifies influential contributions and intellectual linkages within
the field. Bibliographic coupling links documents that share references, indicating
common theoretical or conceptual foundations (Liu, 2017). When applied to
authors and countries, this analysis reveals leading contributors and regional
research concentrations, offering insight into how scholarly influence and
thematic alignment are distributed across disciplines and geographic contexts.

3. Results and Discussions
3.1 Trends in Publication - Documents by Year

Documents by year

500

400

300

Documents

200

100

2018 2019 2020 2021 2022 2023 2024 2025

Year

Figure 2: Documents by year
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Based on the Scopus search (Figure 2), no publications related to Al for assessment
in education were identified in the Scopus database between 2015 and 2017,
indicating that the topic had not yet emerged as a significant area of scholarly
attention during this period. Initial publications only began appearing in 2018 and
remained very limited until 2021, with only a small number of documents
produced annually. This reflects the early exploratory stage of research on Al-
driven assessment practices in education.

A gradual increase in publication activity began in 2020, followed by a sharper
rise in 2023, signalling growing academic interest in integrating Al into
assessment and evaluation processes. The most significant growth occurred from
2023 onwards. In 2024, the number of publications increased sharply to more than
200, demonstrating that Al assessment had become a major research focus across
educational disciplines. By 2025, publication output rose even more dramatically,
reaching approximately 460 documents. This trend indicates that the field is still
experiencing rapid expansion rather than entering a stabilisation phase.

This substantial increase can largely be attributed to the widespread adoption of
generative Al technologies such as ChatGPT (Ray, 2023) and Gemini (Imran &
Almusharraf, 2024), which intensified global discussions surrounding assessment
design, academic integrity, automated feedback, personalised assessment, and the
evolving role of educators in Al-supported learning environments. Consequently,
recent studies have increasingly shifted from conceptual discussions toward
empirical investigations and action research examining how assessment practices
can be redesigned in response to Al-generated outputs.

For instance, several studies have explored the use of Al for personalised and low-
stakes assessments (Halkiopoulos & Gkintoni, 2024; Vashishth et al.,, 2024).
Researchers have also examined Al-driven formative assessments that provide
students with immediate feedback (Zhai & Nehm, 2023; Vittorini et al., 2021).
Some studies describe pilot implementations in which Al chatbots supported
students in writing and problem-solving activities (Hamid et al., 2023), while
others measured student engagement and learning outcomes associated with
these technologies (Roca et al., 2024). These empirical findings suggest that Al can
function as a continuous learning assistant, enabling students to receive rapid
feedback and repeated practice opportunities without delays.

Another major research direction focuses on developing Al-resistant or Al-proof
summative assessments. Instead of relying solely on traditional written
assignments, educators have experimented with oral examinations, project-based
assessments, authentic tasks, and context-specific assignments that require
personal reflection or real-world application, rather than Al-generated responses
(Awidi, 2024; Vittorini et al., 2021). These studies provide practical evidence
regarding the implementation challenges, effectiveness, and implications of
alternative assessment strategies in maintaining academic integrity.

In addition, some studies have investigated hybrid assessment models involving
collaboration between Al systems and human evaluators. For example,
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researchers have compared grading outcomes from Al tools such as ChatGPT
with those from human instructors on the same assessment tasks (Jukiewicz, 2024;
Villegas-Ch et al., 2024). Findings generally indicate that while Al can provide
efficient, consistent scoring for lower-order tasks, human evaluators remain
essential for assessing higher-order thinking, contextual understanding, detailed
feedback, and ethical considerations (Molenaar, 2024; Tossell et al., 2024). This has
led to growing support for blended assessment approaches in which Al assists
with routine grading while educators focus on mentorship and deeper
pedagogical engagement.

Collectively, these developments contributed directly to the sharp surge in
publications observed from 2023 to 2025. The rapid expansion reflects not only
growing scholarly interest but also the urgent need for educational institutions
worldwide to address the disruptive impact of generative Al on assessment
practices. Furthermore, the literature increasingly demonstrates a shift from
exploratory discussions to evidence-based investigations and practical
interventions, suggesting that Al-driven assessment research is entering a
formative, highly active stage of development.

3.2 Co-occurrence Analysis

In this co-occurrence analysis, a total of 1,844 keywords were initially identified;
however, only those that appeared at least twice were considered. This minimum
occurrence threshold reduced the number of keywords to be analysed to 302. For
each of these 302 keywords, the total strength of its connections with other co-
occurring keywords was calculated. The highest-ranking keywords are those with
the strongest total link strength and were then selected for further study.

Table 2: Top twenty keywords with the highest total link strength

No. Keyword Occurrences | Total Link Strength
1 Artificial intelligence 259 592
2 ChatGPT 112 336
3 Higher education 91 264
4 Generative Al 65 176
5 Assessment 58 170
6 Large Language Models 47 153
7 Education 47 121
8 Medical Education 27 102
9 Natural Language Processing 20 101
10 | Al 28 90
11 | Feedback 28 87
12 | Generative Artificial Intelligence 34 84
13 | Educational technology 24 82
14 | Machine Learning 23 81
15 | Large Language Model 19 67
16 | Academic Integrity 23 65
17 | Chatbot 14 60
18 | Artificial Intelligence 25 58
19 | NLP 11 55
20 | Education Technology 6 40
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Figure 3: Co-occurrence analysis

The co-occurrence analysis (Table 2, Figure 3) reveals a highly interconnected
research landscape centred on artificial intelligence (AI), which emerges as the
dominant keyword and largest node in the network. Its strong connections
with higher education, generative artificial intelligence, evaluation and
assessment practices, students, and automated assessment indicate that Al-
driven assessment research is predominantly situated within higher education
and is increasingly influenced by advances in generative Al technologies. The
prominence of these keywords suggests that research has evolved beyond
examining Al as a general educational technology and now focuses on its
implications for assessment, feedback, academic integrity, and student learning
(Naidu & Sevnarayan, 2023; Smolansky et al., 2023).

The network visualisation reveals four major thematic clusters. The first
cluster, Generative Al and Educational Innovation, centres on keywords such
as generative artificial intelligence, GenAl, ChatGPT-4, Google Gemini, Al
literacy, peer feedback, simulation, and lesson planning. This cluster reflects the
growing influence of large language models on teaching, learning, and
assessment. Studies in this area explore how generative Al supports content
generation, personalised learning, feedback provision, and instructional design,
while also raising concerns about ethical use, academic integrity, and Al literacy
among educators and students (Naidu & Sevnarayan, 2023; Nikolic et al., 2024).
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The second cluster, Assessment and Evaluation, includes keywords such
as evaluation, assessment practices, automated assessment, automated feedback,
automated  writing evaluation, student engagement, critical  thinking,
and academic writing. This cluster directly reflects the focus of the present study
and highlights growing interest in Al-assisted assessment systems. The strong
interconnections among these keywords indicate that researchers are increasingly
investigating how Al can support formative assessment, provide immediate
feedback, enhance student engagement, and facilitate the evaluation of complex
learning outcomes (Zhai & Nehm, 2023). At the same time, the coexistence of
automated assessment and critical thinking suggests ongoing efforts to ensure
that Al-supported assessment can evaluate higher-order cognitive skills rather
than merely automate grading processes (Molenaar, 2024).

The third cluster, Artificial Intelligence Technology, comprises keywords such
as deep learning, neural network, natural language processing, big data, and Al
algorithm. These terms represent the technological foundations underpinning Al-
driven assessment systems. Research within this area focuses on machine learning
algorithms, predictive analytics, natural language processing techniques, and
intelligent educational systems that support automated evaluation, feedback
generation, and educational decision-making (Hooda et al., 2022; Zhai & Nehm,
2023). The prominence of these concepts demonstrates the continued importance
of data-driven approaches in advancing Al-supported assessment practices.
Furthermore, the close connectivity between technological and pedagogical
keywords highlights the increasingly interdisciplinary nature of the field, where
developments in artificial intelligence directly influence educational innovation
and assessment design (Villegas-Ch et al., 2024; Xu et al., 2024).

The fourth cluster, Disciplinary Applications, encompasses keywords such
as medical education, patient education, radiology, teacher education,
programming education, and college English. This cluster demonstrates the
widespread adoption of Al-assisted assessment across diverse educational
disciplines. Medical education appears particularly prominent, reflecting Al's
suitability for competency-based assessment, simulation training, and
performance evaluation (Awidi, 2024). Beyond healthcare, Al-assisted assessment
is increasingly applied in language education, teacher education, and
programming education, supporting automated feedback, personalised learning,
and skills assessment (Halkiopoulos & Gkintoni, 2024; Nikolic et al., 2024). The
presence of these disciplinary keywords suggests that Al-driven assessment has
evolved into a cross-disciplinary educational innovation, adaptable to diverse
learning contexts and educational needs (Naidu & Sevnarayan, 2023; Smolansky
et al., 2023).

A notable finding is the central position of generative artificial intelligence, which
appears to be one of the most influential nodes in the Al network. The prominence
of keywords such as ChatGPT-4, Google Gemini, Al literacy, and GenAl indicates
a paradigm shift from earlier machine-learning-focused research toward
generative Al-driven assessment innovation. Furthermore, the strong presence of
terms such as cheating, assessment practices, critical thinking,

http:/ /ijlter.org/index.php/ijlter



701

and evaluation suggests growing scholarly attention to academic integrity and
assessment redesign in response to Al-generated content (Nikolic et al., 2024).
Overall, the findings demonstrate that Al-driven assessment research has become
increasingly interdisciplinary, integrating technological innovation with
pedagogical and assessment-related concerns while focusing on the responsible
and effective use of Al in educational evaluation.

3.3 Bibliographic Coupling

The bibliographic coupling analysis illustrates the intellectual structure of
research on Al-driven assessment in education by mapping documents that share
common references. Each node represents a publication, with its size reflecting
coupling strength, and the connections indicating the degree of overlap in cited
sources. The visualisation reveals several distinct clusters, suggesting that
scholarship in this area is currently fragmented into sub-communities with varied
thematic orientations.

3.3.1 By document

In this bibliographic coupling by document, documents with at least two citations
are selected. Out of the 820 documents initially identified, 452 met this minimum
threshold. For each of these 452 documents, the total strength of its bibliographic
links to other documents was calculated. The documents with the greatest total
link strength were then selected for further study.

Table 3: Top ten bibliographic coupling by document

No. Document Citations Total Link Strengths
1 Lelescu (2024) 5 141
2 Flodén (2025) 54 140
3 Coskun (2024) 25 130
4 Agostini (2024b) 19 126
5 Cildir (2024) 6 113
6 Oc (2025) 35 109
7 Khlaif (2024) 121 108
8 Mustapha (2024) 21 105
9 Gamage (2023) 68 105
10 Rudolph (2023) 1447 104
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Figure 4: Bibliographic coupling by document

The bibliographic coupling analysis (Table 3, Figure 4) reveals the intellectual
structure of research on Al-driven assessment in education by identifying
documents that share similar reference bases. Among the top ten coupled
documents, Lelescu and Kabiraj (2024) recorded the highest total link strength
(TLS = 141), closely followed by Flodén (2025) (TLS = 140). Although several of
these publications have accumulated relatively modest citation counts, their high
coupling strengths indicate that they are strongly connected to the field’s core
knowledge base and share substantial intellectual foundations with other
influential studies.

A notable finding is the presence of both highly cited and recently published
works among the most strongly coupled documents. For example, Khlaif et al.
(2024) received 121 citations while maintaining a strong coupling strength (TLS =
108), suggesting that it is both an influential and highly integrated publication in
the literature. Similarly, Flodén (2025) (54 citations, TLS = 140) and Oc et al.
(2025) (35 citations, TLS = 109) demonstrate that recent studies are already
becoming central contributors to the evolving research landscape. This pattern
indicates that the field is expanding rapidly, with newly published works quickly
connecting to established streams of scholarship.

The network visualisation further reveals a densely connected core dominated
by Rudolph (2023), which appears as the largest node despite ranking tenth in
coupling strength (TLS = 104). The prominence of Rudolph (2023), together with
influential studies such as Smolansky (2023) and Hooda (2022), suggests that
these publications offer foundational perspectives widely referenced across
multiple research themes. Their central positions indicate that they serve as
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intellectual hubs linking diverse strands of research across Al, generative Al,
assessment, and higher education.

Unlike a fragmented or linear network structure, the coupling map exhibits a
relatively cohesive, interconnected knowledge base. Most highly coupled
documents are clustered around a central core, indicating substantial overlap in
the references used by researchers. This suggests that the field is gradually
moving beyond its exploratory stage and developing a more consolidated body
of knowledge. The close proximity among documents published between 2023
and 2025 further reflects the rapid convergence of research interests surrounding
generative Al, assessment redesign, academic integrity, and Al-supported
learning.

Overall, the bibliographic coupling analysis highlights a field that is
simultaneously grounded in influential foundational studies and shaped by
emerging contributions. The strong coupling strengths of recent publications such
as Flodén (2025), Oc et al. (2025), and Lelescu and Kabiraj (2024) indicate that new
research is building upon a shared intellectual foundation rather than developing
in isolation. At the same time, the central roles of Rudolph (2023), Smolansky
(2023), Hooda (2022), and Khlaif et al. (2024) demonstrate their importance in
shaping the contemporary discourse on Al-driven assessment in education.
Collectively, these findings suggest that the field is becoming increasingly mature,
with a growing level of intellectual integration and convergence around key
research themes.

3.3.2 By authors

In the bibliographic coupling analysis by authors, the minimum number of
documents per author was set to 2, and the minimum number of citations per
author to 2. Out of a total of 2792 authors, 81 met these thresholds. For each of
these 81 authors, the total number of bibliographic links with other authors was
calculated, and those with the highest total link strength were identified as the
most influential within the network.

Table 4: Top ten authors with the highest total link strength.

No. Author Documents Citations Total Link Strength
1 Belkina, Marina 2 375 805
2 Daniel, Scott 2 375 805
3 Grundy, Sarah 2 375 805
4 Haque, Rezwanul 2 375 805
5 Hassan, Ghulam M. 2 375 805
6 Lyden, Sarah 2 375 805
7 Neal, Peter 2 375 805
8 Nikolic, Sasha 2 375 805
9 Agostini, Daniele 2 25 443
10 Picasso, Federica 2 25 443
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Figure 5: Bibliographic coupling by author

The bibliographic coupling analysis by author (Table 4, Figure 5) reveals a
concentrated intellectual structure within the Al-driven assessment literature. A
dominant group comprising Belkina, Marina; Daniel, Scott; Grundy, Sarah;
Haque, Rezwanul; Hassan, Ghulam M.; Lyden, Sarah; Neal, Peter; and Nikolic,
Sasha recorded identical bibliometric profiles, each contributing two documents,
receiving 375 citations, and achieving the highest total link strength (TLS = 805).

Such uniformity suggests that these authors belong to a closely connected
research stream and rely heavily on a shared body of references. According to
Jarneving (2007), strong bibliographic coupling reflects common intellectual
foundations and often indicates the presence of a specialised research front. In this
case, the tightly connected cluster appears to be associated with emerging
discussions on generative Al, assessment redesign, and higher education (Nikolic
et al.,, 2024).

The network visualisation further demonstrates that these authors occupy the
central position within the coupling map, reflecting their substantial influence on
the field’s current knowledge structure. This finding aligns with influential works
by Rudolph et al. (2023), Smolansky et al. (2023), and Hooda et al. (2022), which
have significantly shaped contemporary discussions on Al integration,
educational assessment, and the implications of generative Al in higher
education. The high concentration of coupling relationships among a limited
number of authors suggests that the field is increasingly converging on a shared
reference base.

A second cluster represented by Agostini and Picasso exhibits lower citation
counts (25 citations each) but relatively high coupling strengths (TLS = 443). This
pattern indicates that recent publications can become strongly embedded within
the field despite not yet accumulating substantial citation impact. Their high
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coupling strength suggests close alignment with prevailing research themes
rather than the development of entirely distinct perspectives.

At the same time, peripheral authors such as Jiao, Blessing-Lucienne, Bernik,
and Wang occupy more isolated positions within the network. Following Gazni
and Didegah (2016), such authors may represent emerging or interdisciplinary
areas that have yet to become fully integrated into the dominant research stream.
While the central cluster promotes intellectual cohesion, the presence of
peripheral contributors introduces diversity and potential avenues for future
development.

Overall, the coupling structure reflects a field that is becoming increasingly
consolidated around a common set of foundational studies. Consistent with
Boyack and Klavans (2010), the presence of a strong central cluster suggests the
emergence of a mature research front. However, as Gldnzel and Czerwon (1995)
argued, continued growth depends on balancing intellectual cohesion with the
integration of new perspectives. Future research should therefore expand beyond
existing reference patterns to encourage greater theoretical and methodological
diversity within Al-driven assessment research.

3.3.3 By country

Based on the bibliographic coupling analysis by country, the minimum thresholds
were set at 2 documents and 2 citations per country. Out of the 116 countries
represented in the dataset, 71 met these thresholds. For each of these 71 countries,
bibliographic coupling links to other countries were calculated to assess the
strength of their research connections. The countries with the highest total link
strength were then identified, reflecting their stronger collaborative and thematic
alignment in the literature.

Table 5: Top ten countries with the highest total link strength

No. Country Documents Citations Total Link Strength
1 China 212 2095 6176
2 United States 106 3889 6016
3 United Kingdom 63 1021 5519
4 Malaysia 23 159 2937
5 Australia 31 939 2793
6 Hong Kong 21 1118 2487
7 India 58 691 2323
8 Germany 31 361 2214
9 Saudi Arabia 22 612 2208
10 Tiirkiye 29 384 2164
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Figure 6: Bibliographic coupling by country

The bibliographic coupling analysis at the country level (Table 5, Figure 6) reveals
substantial differences in research productivity, citation impact, and intellectual
connectivity within the field of AI-driven assessment in education. China emerges
as the most strongly coupled country, producing 212 documents, receiving 2,095
citations, and recording the highest total link strength (TLS = 6,176). Closely
following is the United States with 106 documents, 3,889 citations, and TLS =
6,016. While the United States achieved the highest citation count, China’s slightly
stronger coupling suggests a greater degree of shared intellectual foundations
with other countries in the network. This finding reflects China’s growing
prominence in Al and educational technology research and its increasing
integration within global knowledge networks (Leydesdorff & Wagner, 2008).

The United Kingdom ranks third (63 documents; 1,021 citations; TLS = 5,519),
indicating a strong role in shaping the field's intellectual structure despite
producing fewer publications than China and the United States. Together, these
three countries form the core of the global research network and serve as major
knowledge hubs. Their central positions in the coupling map indicate extensive
overlap in cited literature and strong participation in international scholarly
conversations.

Beyond these dominant contributors, several countries demonstrate noteworthy
coupling strengths relative to their publication outputs. Malaysia (23 documents;
TLS = 2,937) and Australia (31 documents; TLS = 2,793) exhibit strong intellectual
connectivity despite more modest publication volumes. This pattern suggests
active engagement with internationally recognised research streams and
highlights their roles as important regional contributors. Similarly, Hong

http:/ /ijlter.org/index.php/ijlter



707

Kong (21 documents; 1,118 citations; TLS = 2,487) demonstrates exceptionally
high citation impact relative to its output, indicating the influence of its
publications within the broader literature. Such patterns are characteristic of
strategically positioned research systems that facilitate international knowledge
exchange (Wagner et al., 2017).

India (58 documents; TLS = 2,323), Germany (31 documents; TLS = 2,214), Saudi
Arabia (22 documents; TLS = 2,208), and Tiirkiye (29 documents; TLS = 2,164)
form a second tier of influential contributors. Their strong coupling strengths
indicate increasing integration into the global Al assessment research landscape.
The network visualisation further shows that these countries occupy important
bridging positions connecting different regional clusters, reflecting the growing
internationalisation of Al-related educational research (Adams, 2013).

Overall, three key dynamics emerge. First, major research hubs such as China, the
United States, and the United Kingdom dominate the field in terms of
productivity, citation impact, and intellectual influence. Second, countries such as
Malaysia, Australia, and Hong Kong serve as important connectors,
strengthening knowledge exchange across regions. Third, emerging contributors
including India, Saudi Arabia, Germany, and Tiirkiye are becoming increasingly
integrated into the global research ecosystem. Consistent with Glanzel and
Schubert (2004), the findings demonstrate that intellectual influence is determined
not only by publication volume or citation counts but also by the degree to which
countries share and contribute to common knowledge bases. As Al-driven
assessment continues to evolve, international collaboration will remain essential
to addressing shared challenges in assessment validity, academic integrity,
fairness, and governance.

3.4 Synthesis of Findings Relevant to the Assessment Framework

The findings from the publication trend analysis, keyword co-occurrence analysis,
and bibliographic coupling analysis collectively demonstrate that Al-driven
assessment research has evolved from a primarily technological focus toward
broader concerns relating to assessment design, human judgement, and
governance. The rapid growth in publications between 2023 and 2025 reflects
increasing scholarly attention following the emergence of generative Al tools such
as ChatGPT and Gemini. At the same time, the co-occurrence analysis revealed
that keywords associated with assessment practices, evaluation, critical thinking,
Al literacy, and generative Al have become central themes within the literature.
Furthermore, the bibliographic coupling analyses identified a growing
convergence on shared intellectual foundations, particularly regarding
assessment redesign, academic integrity, and responsible Al use.

Taken together, these findings suggest that the future of Al-driven assessment is
not determined solely by technological capability. Rather, effective
implementation depends on three interrelated dimensions: (1) the design of valid
and meaningful assessment tasks, (2) the allocation of responsibilities between
humans and Al systems, and (3) governance mechanisms that ensure fairness,
accountability, and transparency. These dimensions repeatedly emerged across
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the various bibliometric analyses and therefore form the basis of the proposed
Human-Al Governance and Design (HAGD) Framework.

3.4.1 Assessment design

Assessment design constitutes the pedagogical core of the framework. The co-
occurrence  analysis  revealed  that  assessment-related  concepts,
including evaluation, assessment practices, critical thinking, academic writing,
and student engagement, occupy central positions within the knowledge
network. Notably, assessment serves as a linking concept connecting Al
technologies to teaching, learning, and educational outcomes. This suggests that
the primary challenge is no longer whether Al can support assessment, but how
assessment can be redesigned to remain valid and meaningful in Al-rich learning
environments.

Recent studies increasingly advocate context-sensitive, authentic, and formative
assessment approaches that emphasise higher-order thinking and constructive
alignment in response to generative Al capabilities (Cope et al., 2021; Mao et al,,
2024; Lye & Lim, 2024; Zhai & Nehm, 2023). Consequently, task type and context,
feedback alignment, and validity considerations form the framework's
foundational layer. The Assessment Purpose and Validity component is
conceptually aligned with Messick’s (1989) unified validity framework and
Kane’s (2013) argument-based approach to validation, which emphasise the
alignment between assessment interpretation, intended use, and evidentiary
support.

3.4.2 Human-AlI role allocation

The second layer concerns the allocation of responsibilities between Al systems
and human assessors. The prominence of keywords such as generative artificial
intelligence, automated feedback, ChatGPT-4, and Google Gemini, together with
the strong coupling observed among influential authors and documents, indicates
growing consensus around hybrid assessment models. Rather than replacing
educators, Al is increasingly positioned as a support tool that enhances efficiency,
consistency, and feedback generation.

However, highly coupled works such as Rudolph (2023), Smolansky (2023),
Nikolic et al. (2023), Nikolic et al. (2024), and Floden (2025) consistently emphasise
the continued importance of human judgement for interpretation, ethical
reasoning, contextual evaluation, and decision-making. Empirical evidence
therefore suggests that effective Al-driven assessment requires transparent
allocation of roles between human and machine agents rather than complete
automation (Usher, 2025).

3.4.3 Governance and oversight

The outer layer represents governance and oversight mechanisms. Across the co-
occurrence network, keywords such ascheating, Al literacy, evaluation,
and critical thinking reflect growing concerns regarding academic integrity, bias,
accountability, and responsible AI wuse. Furthermore, the country-level
bibliographic coupling analysis revealed increasing international engagement in
Al-driven assessment research, suggesting that governance challenges extend

http:/ /ijlter.org/index.php/ijlter



709

across institutional and national boundaries. Despite the growing importance of
these issues, governance-related discussions remain fragmented and unevenly
developed across the literature. Consequently, policy and accountability, fairness
and bias mitigation, transparency and explainability, and ethical and regulatory
alignment are positioned as overarching safeguards that guide both assessment
design and human-Al interactions (Zawacki-Richter et al., 2019; Giannakos et al.,
2025).

3.4.4 Human-AI governance and design (HAGD) framework

Based on the synthesis of publication trends, keyword co-occurrence patterns, and
bibliographic coupling analyses, the Human-AI Governance and Design (HAGD)
Framework is proposed as an integrated approach to Al-driven assessment in
education. The framework was developed from three recurring themes identified
across the literature: (1) the need for valid and meaningful assessment design, (2)
the growing role of human-Al collaboration in assessment processes, and (3)
increasing concerns regarding governance, accountability, and responsible Al
use. Together, these themes suggest that effective Al-driven assessment requires
balancing technological capabilities with pedagogical principles and institutional
safeguards.
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Figure 7: Human-AlI governance and design (HAGD) framework for Al-driven
assessment in education

The HAGD Framework (Figure 7) conceptualises Al-driven assessment as a
nested socio-technical system comprising three interdependent dimensions. At
the core, Assessment Purpose and Validity guide assessment design decisions
relating to task type and context, feedback alignment, and construct
representation. Surrounding this core, Human-Al Role Allocation determines
how responsibilities are distributed between Al systems and human assessors,
including the use of Al-supported feedback, hybrid assessment models, and
professional judgement. The outermost dimension, Governance and Oversight,
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provides institutional safeguards through policy and accountability, fairness and
bias mitigation, transparency and explainability, and ethical and regulatory
alignment. For example, in a ChatGPT-assisted essay assessment, Assessment
Design determines learning outcomes and task authenticity; Human-AI Role
Allocation assigns preliminary feedback to Al and final judgement to educators;
Governance and Oversight ensure transparency and academic integrity.

The nested structure signifies dependency rather than hierarchy. Assessment
design serves as the pedagogical foundation for human-Al interactions, while
governance mechanisms influence and regulate both assessment design and role
allocation decisions. Consequently, the framework positions Al-driven
assessment not as a purely technological innovation but as a socio-technical
system in which assessment validity, human expertise, and responsible
governance must operate in concert to ensure educational quality, fairness, and
public trust.

4. Conclusion, Limitations and Future Direction

This bibliometric study provides a comprehensive overview of Al-driven
assessment research in education, based on 820 Scopus-indexed publications from
2015 to 2025. The findings show that artificial intelligence is reshaping educational
assessment not only through technological innovation but also through its
influence on how assessment is designed, implemented, and governed. While no
publications were identified between 2015 and 2017, research activity emerged in
2018 and expanded rapidly after 2023, largely driven by generative Al
technologies such as ChatGPT and Gemini.

Co-occurrence analysis revealed that the field has evolved beyond technical
discussions of Al systems toward broader concerns relating to assessment
practices, critical thinking, academic integrity, Al literacy, and human-Al
collaboration. Bibliographic coupling analysis further demonstrated growing
intellectual convergence around assessment redesign, responsible Al use, and
governance mechanisms, suggesting that the field is gradually maturing into a
more coherent body of knowledge.

A key contribution of this study is the development of the Human-AI Governance
and Design (HAGD) Framework, comprising three interdependent dimensions:
Assessment Design, Human-AI Role Allocation, and Governance and Oversight.
The framework conceptualises Al-driven assessment as a socio-technical system
that balances technological capabilities with pedagogical principles, human
expertise, and institutional safeguards.

Nevertheless, the study is limited by its reliance on the Scopus database and the
inherent constraints of bibliometric analysis, which identify research patterns but
do not evaluate the effectiveness of Al-driven assessment practices. Future
research should focus on empirical validation of the HAGD Framework,
longitudinal and cross-cultural investigations, and the examination of governance
mechanisms, fairness, and hybrid human-Al assessment models to ensure that Al-
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supported assessment remains educationally meaningful, ethically responsible,
and aligned with established assessment principles.
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