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ABSTRACT
This study employs bibliometric analysis following GLOBAL recommendations to systematically map the 
emerging research landscape on explainable artificial intelligence (XAI) in higher education assessment, 
pursuing five objectives: quantifying research productivity, assessing geographic distribution, identifying 
collaborative networks, uncovering thematic evolution, and mapping intellectual foundations. We analyzed 
72 peer-reviewed publications from Scopus spanning 2019-2025 to address a critical gap in systematic 
knowledge about AI transparency in educational contexts, particularly in response to regulatory frameworks 
such as the GDPR and the EU AI Act. The analysis reveals accelerating research activity, with publication 
output growing from single contributions in 2019-2020 to 26 documents in 2024 (R² = 0.7666). Geographic 
distribution shows China leading in productivity (8 documents) while Sweden demonstrates exceptional 
citation efficiency (25.50 citations per document), with European institutions collectively accounting for 
35.4% of contributions. The field generates moderate but growing scholarly impact with 655 total citations, 
achieving an h-index of 13 and g-index of 24. Science mapping identifies four primary thematic domains: 
AI transparency methodologies, educational analytics applications, machine learning implementations, and 
student performance prediction systems. Author collaboration analysis reveals Dragan Gasevic as the most 
productive researcher (5 documents, 61 citations) alongside a highly integrated four-author cluster (Afzaal, 
Fors, Nouri, and Zia) achieving exceptional impact with 101 citations each from 3 joint publications. Co-
citation analysis identifies Adadi and Berrada’s XAI survey (2018) as the primary theoretical anchor. The 
temporal evolution indicates progression from fundamental XAI concepts toward practical educational 
applications, with innovative South-South partnerships emerging among developing economy institutions. 
The findings provide systematic preliminary evidence for growing academic attention to AI transparency 
in educational contexts, highlighting critical needs for terminological standardization and longitudinal 
investigation of regulatory drivers shaping this emerging field.

Keywords:	 Explainable artificial intelligence, higher education assessment, AI transparency, educational 
technology, regulatory compliance.
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INTRODUCTION
Rationale
The integration of Artificial Intelligence in higher education assessment has undergone significant 
transformation, particularly following implementation of data protection regulations such as the General Data 
Protection Regulation (GDPR) in 2018, which established explicit requirements for algorithmic transparency 
and the “right to explanation” in automated decision-making systems (Voigt & Von dem Bussche, 2017).
Explainable Artificial Intelligence (XAI) has emerged as a critical response to the “black box” problem 
inherent in many AI systems used for educational assessment (Gunning et al., 2019). Traditional machine 
learning models, while highly effective in predicting student outcomes, often operate as opaque systems 
where reasoning behind decisions remains hidden from educators and students (Rudin, 2019). This opacity 
creates significant challenges in educational contexts where transparency, fairness, and accountability are 
paramount concerns.
The regulatory landscape has accelerated research attention through complementary frameworks. Article 22 of 
the GDPR addresses automated individual decision-making and establishes rights for meaningful information 
about automated processes (Edwards & Veale, 2017). The EU AI Act (2024) introduces additional requirements 
by classifying educational AI systems as “high-risk” applications, mandating algorithmic transparency, human 
oversight, and comprehensive risk management for AI systems used in educational assessment contexts.
Despite increasing attention to AI in education, systematic reviews have identified significant gaps in the 
current knowledge base. Altukhi and Pradhan (2024) revealed the absence of standardised definitions for 
XAI, leading to confusion across educational contexts. Bond and colleagues (2024) noted methodological 
inconsistencies in AI education research. Turkmen (2025) emphasized that while XAI algorithms are 
considered valuable in educational research, there remains insufficient systematic analysis of how these 
systems are being developed specifically within higher education assessment contexts.
The specialized intersection of explainable AI and higher education assessment represents an emerging 
subdomain where terminology and research focus are still evolving, requiring systematic bibliometric 
mapping to understand current state and trajectory while acknowledging the preliminary nature of patterns 
in this developing field.

Objectives
This study employs the Population-Concept-Context (PCC) framework (Peters et al., 2015) to systematically 
guide the research design, define search strategies, and formulate research questions for this exploratory 
bibliometric analysis. The PCC framework ensures comprehensive coverage of the research domain 
by systematically identifying the target population (stakeholders in higher education assessment), the 
central concept (explainable AI applied to assessment systems), and the specific context (higher education 
environments with regulatory and pedagogical requirements).

•	 Population: Academic researchers, educational practitioners, policy makers, and technology developers 
working at the intersection of AI transparency and higher education assessment.

•	 Concept: XAI encompassing interpretable machine learning models, post-hoc explanation methods, 
algorithmic transparency techniques, and human-understandable AI decision-making processes 
applied to educational evaluation systems.

•	 Context: Higher education assessment environments requiring compliance with evolving data 
protection regulations (GDPR Article 22) and AI governance frameworks (EU AI Act 2024 classifying 
educational AI as “high-risk”), pedagogical effectiveness considerations, institutional accountability 
frameworks, and ethical AI governance principles mandating transparency, human oversight, and risk 
management.

The general objective of this study is to conduct an exploratory bibliometric analysis of the research landscape 
on explainable AI in higher education assessment, mapping its intellectual structure, collaborative networks, 
and evolutionary patterns to provide preliminary understanding of this emerging interdisciplinary domain.
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The specific objectives are to: (1) quantify research productivity and growth patterns by analyzing temporal 
evolution of publications, identifying growth trends, and identifying potential research trajectories; (2) assess 
geographic and institutional distribution by analyzing global research contributions and identifying leading 
countries, institutions, and their collaborative strategies; (3) identify key contributors and collaborative 
networks by mapping productive and influential authors, institutions, and countries while visualizing 
collaboration patterns through co-authorship analysis; (4) determine publication venues and citation impact 
by identifying primary journals and conferences and assessing citation influence of key publications; (5) 
uncover thematic structure and conceptual evolution by employing co-word analysis to identify major 
research themes, detect emerging topics, and trace research focus evolution; and (6) map intellectual 
foundations using co-citation analysis to identify foundational works and theoretical frameworks informing 
current research.
This bibliometric study addresses five interconnected research questions structured according to the PCC 
framework:

•	 RQ1 (research productivity and trends): What are the temporal patterns of publication growth in 
explainable AI for higher education assessment, and what factors explain observed growth patterns in 
this emerging field?

•	 RQ2 (key contributors and networks): Who are the most productive and influential authors, institutions, 
and countries in explainable AI for higher education assessment, and what collaboration patterns exist 
among these stakeholders?

•	 RQ3 (publication landscape and impact): What are the primary publication venues for research in this 
domain, and which publications have achieved the greatest citation impact and scholarly influence?

•	 RQ4 (thematic structure and evolution): What are the main research themes and conceptual clusters in 
explainable AI for higher education assessment, how have research topics evolved over time, and what 
emerging trends can be identified?

•	 RQ5 (intellectual foundations): What foundational works and theoretical frameworks underpin 
current research in explainable AI for higher education assessment, and which publications are most 
frequently co-cited, indicating shared intellectual foundations?

These research questions guide a systematic exploration of the emerging research domain, providing 
preliminary insights for academic researchers identifying collaboration opportunities and research gaps, 
educational practitioners implementing transparent AI systems, policy makers developing AI governance 
frameworks, and technology developers creating explainable educational AI solutions.

METHODS
Methodological Design and Data Sources
This study adopts a bibliometric approach following emerging guidelines for optimized bibliometric analysis 
and literature reviews, specifically the GLOBAL recommendations (Ng et al., 2024) and BIBLIO minimum 
requirements (Montazeri et al., 2023), to systematically explore the scientific literature on explainable 
AI in higher education assessment. Given the multifaceted nature of the research questions, which span 
from productivity and citation impact to thematic evolution and scholarly networks, a combination of 
performance analysis and science mapping techniques was selected to provide exploratory insights into this 
emerging interdisciplinary field. The analysis focuses on documents as the primary unit, with secondary 
analysis conducted on authors, institutions, countries, and author keywords to map collaborative networks 
and thematic structures.
The bibliometric methodology integrates quantitative analysis of publication patterns, citation networks, 
and collaborative relationships with qualitative interpretation of thematic structures and intellectual 
foundations. Performance analysis examines productivity metrics, growth trends, and citation impact, 
while science mapping techniques visualize knowledge structures, collaborative networks, and conceptual 
evolution within the domain.



203

Scopus database was selected as the primary data source due to its comprehensive coverage of high-quality, 
peer-reviewed literature and robust indexing system. While this choice may exclude some relevant studies 
indexed in other databases such as Web of Science or Google Scholar, Scopus provides substantial bibliographic 
information, citation tracking, and multidisciplinary coverage essential for conducting rigorous bibliometric 
analysis. The database’s consistent metadata structure and established citation indexing facilitate reliable 
performance analysis and network visualization.
This study acknowledges several methodological constraints inherent in bibliometric analysis of emerging 
research domains. The relatively small corpus of 72 documents reflects the highly specialized nature of 
the intersection between explainable AI and higher education assessment, indicating either genuine field 
nascency or potential search strategy limitations. The concentration of publications in recent years (2023-
2025: 81.9%) confirms we are capturing an emerging field where terminology and research focus are still 
evolving, requiring careful interpretation of trend projections and thematic stability.
The temporal distribution pattern, while limiting historical analysis depth, provides valuable insights into 
field emergence and growth dynamics characteristic of interdisciplinary domains responding to regulatory 
and technological developments. This methodological context informs subsequent analysis interpretation 
and establishes appropriate boundaries for generalization of findings.

Search Strategy and Data Collection
The systematic search strategy was designed to identify literature at the intersection of three key domains: 
explainable artificial intelligence, higher education, and assessment practices. The search query employed a 
comprehensive Boolean logic approach with three main components connected by AND operators to ensure 
all relevant conceptual areas were represented (see Table 1 for the complete search query).

Table 1. Database and search string used

Database String used

Scopus ( TITLE-ABS-KEY ( ( “right to explanation” OR “right to explainability” OR “explainable AI” OR “explainable 
artificial intelligence” OR “interpretable AI” OR “interpretable artificial intelligence” OR “trustworthy AI” OR 
“responsible AI” OR “AI transparency” OR “algorithmic transparency” OR “AI interpretability” OR “algorithmic 
interpretability” OR “AI accountability” OR “algorithmic accountability” OR “actionable explanations” OR 
“explainable machine learning” OR “Shapley Additive Expla*” OR “Model-Agnostic Explanations” ) ) AND 
TITLE-ABS-KEY ( “higher education” OR “university” OR “universities” OR “college” OR “collegiate” OR “tertiary 
education” OR “post-secondary education” ) AND TITLE-ABS-KEY ( ( “assessment” OR “evaluation” OR 
“academic assessment” OR “academic performance” OR “educational assessment” OR “student assessment” 
OR “learning assessment” OR “automated assessment” OR “AI-based assessment” OR “grading” OR “academic 
evaluation” OR “learning analytics” OR “educational data mining” OR “student attrition” OR “student dropout” 
OR “degree completion” OR “educational feedback” OR “automated scoring”) ) ) AND NOT ( TITLE-ABS-
KEY ( “medical” OR “clinical” OR “patient” OR “hospital” OR “diagnosis” OR “healthcare” OR “biomedical” OR 
“pharmaceutical” ) ) AND ( LIMIT-TO ( DOCTYPE,”ar” ) OR LIMIT-TO ( DOCTYPE,”cp” ) OR LIMIT-TO ( DOCTYPE,”re” 
) OR LIMIT-TO ( DOCTYPE,”bk” ) OR LIMIT-TO ( DOCTYPE,”ch” ) ) AND ( LIMIT-TO ( LANGUAGE,”English” ) )

The first block captured the full spectrum of XAI terminology, including legal and ethical frameworks 
(“right to explanation”, “right to explainability”), technical concepts (“explainable AI”, “interpretable AI”, 
“AI transparency”), governance principles (“trustworthy AI”, “responsible AI”, “AI accountability”), and 
specific methodological approaches (“Shapley Additive Expla*”, “Model-Agnostic Explanations”). This 
comprehensive coverage ensures capture of documents regardless of the specific terminological preferences 
used by different research communities.
The second block incorporated various institutional designations and educational level descriptors (“university”, 
“universities”, “college”, “collegiate”, “higher education”, “tertiary education”, “post-secondary education”) to 
maximize coverage across different educational systems and linguistic variations used internationally.
The third block encompassed the broad spectrum of evaluative activities in educational contexts, ranging 
from traditional assessment practices (“assessment”, “evaluation”, “grading”) to automated and AI-driven 
approaches (“automated assessment”, “AI-based assessment”), educational analytics (“learning analytics”, 
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“educational data mining”), and specific educational outcomes (“student dropout”, “degree completion”, 
“educational feedback”).
The NOT operator systematically excluded medical and clinical domains (“medical”, “clinical”, “patient”, 
“hospital”, “diagnosis”, “healthcare”, “biomedical”, “pharmaceutical”) to maintain focus on educational 
applications and prevent contamination from healthcare literature where XAI is extensively studied but 
serves different purposes and stakeholder needs.
The search was limited to peer-reviewed academic contributions (articles, conference papers, reviews, 
books, and book chapters) and English-language publications to ensure scholarly rigor and accessibility for 
international readership.
This multi-faceted approach was specifically designed to capture research addressing algorithmic transparency 
within higher education contexts, recognizing that XAI in educational settings presents unique challenges 
and requirements distinct from other application domains. The strategy acknowledges that educational AI 
applications require specialized consideration of pedagogical effectiveness, student agency, and institutional 
accountability that may not be adequately addressed in general XAI literature.
The search, conducted on July 5, 2025, yielded 141 documents comprising 77 articles (54.6%), 55 conference 
papers (39.0%), 6 book chapters (4.3%), 1 review (0.7%), and 2 books (1.4%), ensuring comprehensive 
coverage of peer-reviewed academic contributions across diverse publication formats within the target 
domain.

Study Selection Process
The study selection process was systematically conducted applying the PCC framework components 
previously defined to establish specific inclusion and exclusion criteria for literature screening and evaluation.
Inclusion criteria required peer-reviewed articles, conference papers, book chapters, reviews, and books 
without temporal restrictions, though the resulting dataset naturally spans 2019-2025, capturing recent 
developments following GDPR and AI Act implementation and increasing awareness of AI transparency 
requirements. Studies must explicitly address XAI, AI transparency, interpretability, or accountability in 
educational contexts, involve higher education stakeholders, and focus on algorithmic decision-making 
processes in academic assessment. Research conducted in higher education institutions addressing assessment 
or evaluation processes in academic environments and investigating AI applications in educational technology 
platforms satisfied the requirements.
Exclusion criteria eliminated non-peer-reviewed publications including editorial materials and opinion pieces 
without empirical data. Studies focusing exclusively on K-12 education, research addressing only corporate 
training outside academic institutions, and studies not involving human subjects in educational contexts 
were excluded. Studies addressing general AI applications without specific focus on explainability, research 
focusing solely on AI performance metrics without addressing transparency, and studies investigating AI 
applications outside assessment contexts did not meet the conceptual requirements.
The selection process was conducted using Rayyan, a systematic review management tool, to ensure 
transparent and reproducible screening procedures. From the initial 141 documents identified through the 
Scopus search, 72 studies were ultimately included in the final analysis after applying rigorous inclusion and 
exclusion criteria. A total of 69 studies were excluded during the screening process, categorized as wrong 
context for 36 studies that did not address higher education settings or university-level assessment processes, 
wrong concept for 30 studies that did not explicitly focus on XAI or AI transparency in educational assessment 
contexts, wrong publication type for 2 studies that did not meet scholarly publication requirements, and 
wrong population for 1 study that did not involve stakeholders in higher education assessment processes. 
This systematic approach ensured that only studies directly addressing the intersection of XAI and higher 
education assessment were included, maintaining focus and coherence while capturing the most relevant 
research in this emerging interdisciplinary field.
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Data Processing and Analytical Techniques
The cleaned dataset underwent comprehensive analysis through a multi-tool approach designed to address 
distinct analytical dimensions while ensuring methodological rigor and statistical validation. The analytical 
workflow integrated three complementary software platforms, each selected for specific capabilities aligned 
with bibliometric analysis requirements.
Performance analysis was conducted using Publish or Perish (PoP) version 8.0 and Microsoft Excel 365 to 
calculate bibliometric indicators, productivity metrics, and descriptive statistics. PoP provided automated 
calculation of citation metrics including h-index, g-index, and citation trajectories, while Excel facilitated 
advanced statistical analysis including linear regression for growth trend validation (F-test), correlation 
analysis for co-citation patterns, and descriptive statistics for institutional and geographic distribution 
patterns.
Science mapping and network analysis employed VOSviewer version 1.6.20 for visualization and quantitative 
analysis of collaboration networks, intellectual structures, and thematic relationships. VOSviewer’s 
clustering algorithms enabled identification of research communities and thematic groups, while its network 
analysis capabilities supported calculation of centrality measures and link strength indicators essential 
for collaborative network assessment. The clustering algorithm identified 22 granular thematic clusters, 
subsequently aggregated into four macro-domains based on conceptual similarity and temporal evolution 
patterns to enhance interpretability.
Statistical validation integrated across platforms included: (1) linear regression analysis in Excel to validate 
publication growth trends with F-statistics and significance testing; (2) cluster quality assessment through 
silhouette coefficient calculation using coordinate data exported from VOSviewer; and (3) correlation 
analysis of co-citation patterns to verify intellectual structure coherence. This multi-tool validation approach 
ensures robust methodological foundations and enhances reliability of bibliometric findings for scholarly 
publication standards.
The analytical integration allows triangulation of results across different methodological approaches, providing 
convergent evidence for field characteristics while maintaining transparency in analytical procedures essential 
for reproducibility and peer review processes.

RESULTS
Summary of the Findings in relation to the Research Questions
The bibliometric analysis of 72 documents on XAI in higher education assessment suggests a nascent 
research domain showing recent expansion, concentrated geographical contributions, and evolving thematic 
structures. The research landscape suggests preliminary patterns that require further validation in productivity, 
collaboration, and intellectual development that directly address our five research questions.
Regarding research productivity and trends (RQ1), the field exhibits notable growth with an R² value 
of 0.7666, expanding from 1 document in 2019 to 26 documents in 2024, with 2025 data projecting 
approximately 34 annual publications. This growth trajectory may reflect the post-GDPR urgency for 
transparent automated assessment systems in higher education.
Concerning key contributors and networks (RQ2), research productivity appears concentrated among 
specific author clusters, with Dragan Gasevic as the most productive researcher (5 documents, 61 citations) 
alongside a highly integrated four-author cluster (Afzaal, Fors, Nouri, and Zia) sharing metrics of 3 documents 
and 101 citations each, suggesting highly integrated research collaboration. Geographically, China leads in 
absolute productivity with 8 documents, while Sweden demonstrates exceptional citation efficiency with 
25.50 citations per document.
Addressing the publication landscape and impact (RQ3), the field generates moderate but growing scholarly 
impact with 655 total citations across 72 papers, achieving an h-index of 13 and g-index of 24. Conference 
proceedings dominate publication venues, with “ACM International Conference Proceeding Series” leading 
with 6 citations, indicating the interdisciplinary and rapidly evolving nature of the field.
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Regarding thematic structure and evolution (RQ4), keyword co-occurrence analysis reveals 22 granular 
clusters aggregated into four primary thematic domains centered on AI transparency and explainability, 
educational analytics and assessment, machine learning applications, and student performance prediction. 
The overlay visualization indicates thematic evolution from fundamental XAI concepts toward practical 
educational applications.
Concerning intellectual foundations (RQ5), co-citation analysis suggests that Adadi and Berrada’s XAI 
survey (2018) serves as the most cited foundational work with 11 citations and 24 total link strength, 
providing the primary theoretical framework for XAI applications in educational contexts.

Performance Analysis
Publication Trends and Productivity

The temporal evolution of research output suggests evidence for systematic research attention following 
regulatory and technological milestones (Figure 1).

Figure 1. Distribution of documents by year of publication (2019-2025)

The field emerged modestly with single publications in 2019 and 2020, representing foundational exploratory 
work in AI transparency within educational contexts. These initial contributions established preliminary 
conceptual frameworks for addressing algorithmic transparency requirements in higher education assessment 
systems, largely responding to early interpretations of GDPR Article 22 implications for educational AI 
applications.
The period 2021-2022 witnessed moderate expansion (6 and 5 documents respectively), coinciding with 
increased institutional awareness of data protection regulations and growing recognition of transparency 
requirements for educational AI systems. This phase marked the transition from theoretical exploration 
to methodological development, as researchers began addressing practical implementation challenges for 
explainable assessment systems.
Notable growth occurred during 2023-2024, with publications increasing from 16 to 26 documents, 
suggesting increased research attention to this intersection. This development may reflect the convergence 
of several factors: maturation of XAI methodologies, increased availability of educational datasets suitable 
for transparent analysis, and growing institutional demand for accountable automated assessment systems. 
However, given the limited baseline period (only 2 publications pre-2021), these apparent trends should 
be interpreted cautiously as potentially reflecting evolving terminology and research focus rather than 
established domain characteristics.
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The 2025 data (17 documents through first semester only) represents partial-year coverage, making 
projections highly speculative. While linear regression analysis indicates statistical significance (F(1,5) = 
16.42, p = 0.0098, R² = 0.767), the small number of data points and extreme temporal concentration limit 
the reliability of trend extrapolation.
The dataset spanning six citation years (2019-2025) indicates building scholarly influence with 655 total 
citations distributed across 72 papers (Table 2). The citation rate of 109.17 citations per year reflects 
growing academic engagement, while 61.1% of papers receiving at least one citation indicates broad 
research community recognition. Seven papers achieving 10 or more citations suggest a core of influential 
contributions to the field.

Table 2. Citation metrics summary (2019-2025)

Metric Value

Publication years 2019-2025

Citation years 6 (2019-2025)

Papers 72

Citations 655

Cites/year 109.17

Cites/paper 9.10

Cites/author 195.56

Papers/author 23.42

Authors/paper 4.13

h-index 13

g-index 24

hI,norm 7

hI,annual 1.17

hA-index 9

Papers with ACC ≥ 1,2,5,10,20 42,35,23,7,3

The temporal concentration of 81.9% of publications in 2023-2025 confirms we are observing the early 
development phases of this research intersection rather than mature domain characteristics. This pattern may 
indicate either genuine field emergence responding to regulatory developments, or the gradual convergence 
of previously separate research streams under new terminological frameworks. The validation of growth 
patterns through statistical analysis offers evidence for systematic research attention, though the preliminary 
nature of the domain requires careful interpretation of apparent trends.
The moderate publication rate in 2025 first semester, while maintaining statistical significance of the overall 
growth pattern, suggests the field may be stabilizing toward more sustainable development patterns as 
initial exploratory work establishes foundational frameworks. This trajectory aligns with typical patterns 
in emerging interdisciplinary fields where rapid early expansion often transitions toward more systematic 
methodological development.

Institutional Performance and Research Engagement

Institutional engagement patterns reveal remarkably broad participation across the global higher education 
landscape, with 121 institutions contributing to explainable AI research in higher education assessment. 
Research concentration demonstrates exceptionally balanced distribution, with the top 5 contributing 
institutions (Monash University, King Abdulaziz University, Stockholm University, Universiti Teknologi 
Malaysia, and University of Bari Aldo Moro) accounting for only 11.6% of total publications, while the 
remaining 88.4% is distributed across 116 other institutions (Table 3). This low concentration indicates 
genuinely distributed scholarly engagement rather than dominance by few research centers. It should be 
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noted that document totals reported at institutional and country levels exceed the corpus size of 72, as 
fractional counting assigns shared credit across all affiliations associated with a given publication, allowing a 
single document to contribute to multiple units of analysis simultaneously.

Table 3. Institutional distribution and research productivity summary

Metric Value

Total institutions represented 121

Total documents analyzed 147

Top 5 contributing institutions Monash University (5), King Abdulaziz University (3), Stockholm University (3), 
Universiti Teknologi Malaysia (3), University of Bari Aldo Moro (3)

Top 5 concentration 17/147 documents (11.6%)

Remaining distribution 130/147 documents (88.4%) across 116 institutions

Institutional balance Low concentration, broad participation

Continental analysis reveals distinct regional engagement patterns (Table 4). Europe leads with 45 institutions 
contributing 52 documents (35.4%), while Asia demonstrates substantial momentum with 28 institutions 
producing 41 documents (27.9%). Australia/Oceania shows notable efficiency with 12 institutions generating 
18 documents (12.2%), and the Middle East displays significant participation through 15 institutions. The 
presence of institutional representation across all continents demonstrates that XAI research extends across 
diverse educational systems globally.

Table 4. Continental institutional distribution

Continent Institutions Documents Percentage

Europe 45 52 35.4%

Asia 28 41 27.9%

Australia/Oceania 12 18 12.2%

Middle East 15 16 10.9%

North America 8 10 6.8%

Africa 6 6 4.1%

South America 7 4 2.7%

This widespread institutional participation indicates that explainable AI in higher education assessment 
addresses fundamental challenges that resonate across diverse institutional contexts and provides evidence 
for robust foundations for continued global research collaboration.

Geographic Distribution and International Collaboration Patterns

The field demonstrates substantial international reach with contributions spanning 43 countries across 
multiple continents, indicating widespread global interest in AI transparency for educational applications. 
Research concentration is moderate, with the top 5 contributing countries (China, Italy, Australia, Germany, 
and Bangladesh) accounting for 33.0% of total publications, while the remaining 67.0% is distributed 
among 38 other nations (Table 5). This pattern suggests relatively balanced global research participation 
rather than extreme concentration in few dominant countries.
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Table 5. Geographic distribution and research productivity summary

Metric Value

Total countries represented 43

Total documents analyzed 106

Top 5 contributing countries China (8), Italy (7), Australia (7), Germany (7), Bangladesh (6)

Top 5 concentration 35/106 documents (33.0%)

Remaining distribution 71/106 documents (67.0%) across 38 countries

Continental analysis reveals distinct regional engagement patterns (Table 6). Europe emerges as the leading 
region with 19 countries contributing 49 documents (43.8%), potentially reflecting strong regulatory 
frameworks following GDPR implementation. Asia demonstrates substantial momentum as the second-
largest contributor with 9 countries producing 33 documents (29.5%), suggesting growing recognition of 
AI transparency requirements within expanding higher education sectors.

Table 6. Continental research productivity

Continent Countries Documents Percentage

Europe 19 49 43.8%

Asia 9 33 29.5%

Oceania 3 10 8.9%

Middle East 3 7 6.3%

North America 3 6 5.4%

Africa 4 4 3.6%

South America 2 3 2.7%

The remaining regions show moderate to emerging participation, with Oceania contributing 8.9% of 
publications (10 documents from 3 countries), followed by Middle East with 6.3% (7 documents from 
3 countries) and North America with 5.4% (6 documents from 3 countries). Africa and South America 
exhibit growing engagement despite smaller absolute contributions, representing 3.6% (4 documents from 
4 countries) and 2.7% (3 documents from 2 countries) respectively. This broad international distribution 
indicates that concerns about educational AI transparency transcend specific national contexts and suggests 
robust foundations for continued global research collaboration.

Most Influential Publications and Knowledge Impact

The citation analysis suggests the domain’s practical orientation toward educational applications and 
theoretical framework development (Table 7). The top 10 most cited articles represent early influential 
contributions to AI transparency in educational contexts while demonstrating the domain’s rapid evolution 
in addressing practical educational challenges.
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Table 7. Top 10 Most Cited Articles (2019-2025)

Rank Article Citations Cites per Year

1 Susnjak et al. (2022) 103 34.33

2 Afzaal et al. (2021) 77 19.25

3 Baranyi et al. (2020) 61 12.20

4 Alonso & Casalino (2019) 46 7.67

5 Khosravi et al. (2021) 36 9.00

6 Alsayed et al. (2021) 35 8.75

7 Nagy & Molontay (2024) 33 33.00

8 Saarela et al. (2021) 23 5.75

9 Afzaal et al. (2024) 22 22.00

10 Swamy et al. (2023) 21 10.50

Two publications exceed 75 citations and represent foundational contributions to the domain. Susnjak 
and colleagues (2022) achieved 103 citations with 34.33 cites per year for their work on learning analytics 
dashboards as tools for providing actionable insights to learners, developing theoretical and practical 
frameworks for transparent learning analytics interfaces while emphasizing actionable feedback mechanisms 
for student self-regulation. Afzaal and colleagues (2021) generated 77 citations with 19.25 cites per year for 
their research on XAI for data-driven feedback and intelligent action recommendations to support students 
self-regulation, developing comprehensive approaches to XAI-driven educational feedback systems with 
focus on student agency and transparent algorithmic recommendations.
Technical methodology contributions suggest the domain’s focus on interpretable approaches to educational 
prediction. Baranyi and colleagues (2020) achieved 61 citations with 12.20 cites per year for developing 
methodological frameworks for transparent student retention prediction using interpretable deep learning 
approaches. Nagy and Molontay (2024) generated 33 citations with 33.00 cites per year for advancing the 
domain toward personalized, explainable intervention systems for student support.
Citation rate analysis suggests that recent publications achieve higher annual citation rates, indicating 
accelerating scholarly engagement. The 2024 publications by Nagy and Molontay with 33.00 cites per year 
and Afzaal and colleagues with 22.00 cites per year suggest that methodological advances in XAI-based 
educational interventions attract immediate research community attention.
The most cited works emphasize three core themes of transparent learning analytics interfaces, explainable 
feedback systems for student self-regulation, and interpretable prediction models for educational outcomes. 
This pattern reflects the domain’s orientation toward practical applications that address both regulatory 
transparency requirements and pedagogical effectiveness concerns.

Publication Venues and Disciplinary Integration

The venue analysis suggests the interdisciplinary nature of XAI in higher education research, spanning 
computer science, educational technology, and policy domains (Figure 2). Publication patterns indicate 
active engagement across both academic and professional communities.
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Figure 2. Top 10 most cited sources (2019-2025)

“ACM International Conference Proceeding Series” emerges as the leading venue with 6 citations, followed 
by “CEUR Workshop Proceedings” with 4 citations, indicating that conference presentations serve as 
primary knowledge dissemination channels. This pattern reflects the rapidly evolving nature of the domain, 
where conference proceedings enable faster knowledge sharing than traditional journal publication cycles.
“IEEE Access” with 3 citations and “International Journal of Artificial Intelligence in Education” with 2 
citations represent established publication channels for methodologically rigorous research. The diversity 
of journal venues reflects the domain’s interdisciplinary character, spanning technical computer science 
journals, educational technology publications, and policy-oriented venues.
The prominence of workshop proceedings and conference papers indicates strong engagement between 
academic researchers and professional practitioners in educational technology. This pattern suggests that 
XAI in higher education research maintains practical relevance and industry connection, facilitating rapid 
translation of research findings into applied educational systems.

Science Mapping Analysis
Collaboration Patterns and Networks 

Co-authorship analysis: Authors 

Co-authorship analysis using fractional counting methodology reveals distinct collaboration patterns and 
research impact distribution within the XAI in higher education domain (Table 8).

Table 8. Top 10 most productive and cited authors in the dataset (2019-2025), ordered by number of 
documents

Rank Author Documents Citations Total link strength

1 Gasevic, Dragan 5 61 5.00

2 Afzaal, Muhammad 3 101 3.00

3 Casalino, Gabriella 3 51 3.00

4 Chen, Guanliang 3 21 3.00

5 Fors, Uno 3 101 3.00

6 Nouri, Jalal 3 101 3.00

7 Zia, Aayesha 3 101 3.00

8 Cachero, Cristina 2 15 2.00

9 Cavus, Mustafa 2 1 2.00

10 Davazdahemami, Behrooz 2 8 2.00

Dragan Gasevic emerges as the most productive individual researcher with 5 documents and 61 citations, 
achieving 12.20 citations per document and exceptional collaborative integration (total link strength of 
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5.00). This positioning indicates sustained research leadership in educational AI transparency, likely spanning 
multiple collaborative projects and theoretical frameworks within the domain.
The four-author collaborative cluster comprising Afzaal, Fors, Nouri, and Zia demonstrates exceptional 
coordination with identical metrics of 3 documents and 101 citations each, achieving 33.67 citations 
per document. Their uniform collaborative integration (total link strength of 3.00 each) indicates these 
researchers function as a highly integrated research unit, likely co-authoring the same set of influential 
publications focused on explainable AI for educational feedback and student self-regulation systems.
Gabriella Casalino represents productive European engagement with 3 documents and 51 citations, 
achieving 17.00 citations per document and strong collaborative integration (total link strength of 3.00). 
This performance suggests sustained contribution to methodological frameworks for XAI in educational 
contexts, particularly in areas bridging computer science and educational applications.
Chen Guanliang indicates moderate productivity with 3 documents and 21 citations (7.00 citations per 
document), while maintaining strong collaborative networking (total link strength of 3.00). This pattern 
suggests active participation in collaborative networks with emphasis on network building rather than 
immediate citation impact maximization.
Secondary collaborative patterns emerge among researchers with 2 documents each. Cachero and Cristina 
achieve 7.50 citations per document with moderate collaboration (total link strength of 2.00), while Cavus 
and Mustafa show minimal citation accumulation (0.50 citations per document), indicating either recent 
entry into the domain or focus on emerging methodological approaches that have not yet achieved broad 
recognition.
The collaborative network structure reveals three distinct engagement models: (1) individual research 
leadership exemplified by Gasevic, (2) highly integrated team collaboration demonstrated by the Afzaal-Fors-
Nouri-Zia cluster, and (3) distributed collaborative engagement represented by other productive authors. 
This diversity suggests that XAI in higher education research accommodates multiple collaboration strategies 
while rewarding both individual excellence and coordinated team approaches.
The citation efficiency patterns indicate that coordinated collaborative research (33.67 citations per document 
for the four-author cluster) achieves higher impact than individual productivity, while sustained individual 
leadership (Gasevic with 12.20 citations per document) provides essential theoretical anchoring for the 
domain’s development.

Co-authorship analysis: Organizations

Affiliation-level analysis using fractional counting methodology reveals diverse research engagement strategies 
(Table 9).

Table 9. Top 10 organizations by number of documents and citations (2019–2025)

Rank Organization Documents Citations Total Link 
Strength

Citation per 
Document

1 Monash University 5 61 4 12.20

2 Stockholm University 3 101 1 33.67

3 King Abdulaziz University 3 39 3 13.00

4 University of Bari Aldo Moro 3 51 3 17.00

5 Universiti Teknologi Malaysia 3 35 2 11.67

6 The University of Queensland 2 49 2 24.50

7 CESAR School 2 5 2 2.50

8 EPFL 2 21 2 10.50

9 Universidad de Castilla-La Mancha 2 15 2 7.50

10 Eskisehir Technical University 2 1 2 0.50
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Monash University leads with 5.00 fractional documents and 61 citations, demonstrating strong international 
collaboration (total link strength of 4.00). Stockholm University achieves exceptional impact with 101 
citations from 3.00 fractional documents while maintaining minimal collaboration links (total link strength 
of 1.00), exemplifying a quality-over-collaboration approach.
University of Bari Aldo Moro and King Abdulaziz University both contribute 3.00 fractional documents with 
substantial collaborative engagement (total link strength of 3.00), achieving 51 and 39 citations respectively. 
Universiti Teknologi Malaysia shows consistent contribution with 3.00 fractional documents, 35 citations, 
and moderate collaboration (total link strength of 2.00).
Several institutions contribute 2.00 fractional documents each with identical collaborative intensity (total 
link strength of 2.00) but varying citation impacts, from EPFL’s 21 citations to minimal accumulation for 
emerging contributors, reflecting different stages of research development within this specialized domain.

Co-authorship analysis: Countries

Country-level analysis using fractional counting methodology suggests significant disparities between 
productivity, citation impact, and collaborative engagement (Table 10).

Table 10. Top 10 countries by number of documents and citations (2019–2025)

Rank Country Documents Citations Total Link Strength Citation per Document

1 China 8 38 3.00 4.75

2 Italy 7 78 3.00 11.14

3 Australia 7 77 2.00 11.00

4 Germany 7 3 3.00 0.43

5 Spain 6 65 2.00 10.83

6 Malaysia 6 35 4.00 5.83

7 Bangladesh 6 4 1.00 0.67

8 Saudi Arabia 5 54 4.00 10.80

9 India 5 53 3.00 10.60

10 Sweden 4 102 2.00 25.50

China leads in absolute productivity with 8 documents but achieves moderate citation efficiency (4.75 
citations per document), reflecting a volume-oriented research strategy. Sweden emerges as the citation 
efficiency leader with 25.50 citations per document, exemplifying quality-focused research achieving 
substantial international influence.
Italy and Australia demonstrate balanced excellence with 7 documents each and strong citation efficiency 
(11.14 and 11.00 citations per document respectively), positioning both as key regional hubs combining 
productive output with research quality.
Strategic international partnerships characterize developing economies, with Malaysia and Saudi Arabia 
both showing maximum collaborative intensity (total link strength of 4.00). Saudi Arabia achieves superior 
citation efficiency (10.80 citations per document) compared to Malaysia (5.83 citations per document).
Germany and Bangladesh represent emerging engagement patterns, with Germany showing high productivity 
but minimal citation impact (0.43 citations per document) and Bangladesh demonstrating recent domain 
entry with limited citation accumulation.

Thematic Evolution and Intellectual Foundations

The keyword co-occurrence analysis reveals the conceptual architecture of XAI in higher education research 
through systematic examination of author-assigned terminology and thematic relationships. Following 
comprehensive thesaurus development that standardized 220 unique author keywords into 147 core 
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concepts, VOSviewer’s clustering algorithm identified 22 granular thematic clusters based on co-occurrence 
patterns and link strength relationships.
Statistical validation demonstrates robust thematic organization with excellent structural properties, achieving 
a silhouette coefficient of 0.68 and optimal cluster balance. To enhance interpretability and identify broader 
research themes, the 22 granular clusters were systematically aggregated into four primary macro-clusters 
based on conceptual similarity, temporal evolution patterns, and theoretical coherence using hierarchical 
clustering of cluster centroids in the conceptual space. Table 11 presents the complete cluster structure with 
key characteristics and thematic focus areas.
These macro-clusters carry theoretical implications beyond their structural organization. The emergence of 
AI Ethics and Educational Technology as a primary domain reflects the growing influence of sociotechnical 
frameworks that position algorithmic transparency not merely as a technical property but as a governance 
requirement embedded in institutional and regulatory contexts. The Deep Learning and Predictive Analytics 
cluster aligns with the epistemological tradition of evidence-based educational practice, wherein data-driven 
decision-making is increasingly subjected to interpretability constraints to preserve human oversight. The 
Learning Analytics and Feedback Systems cluster resonates with established theoretical frameworks on 
formative assessment and self-regulated learning, suggesting that XAI is being appropriated as a tool for 
enhancing student agency rather than purely automating institutional processes. Finally, the Assessment 
and Educational Evaluation cluster reflects normative concerns about fairness and accountability in high-
stakes decision-making, echoing broader debates in AI ethics on the right to explanation. Collectively, these 
theoretical anchors suggest that XAI in higher education assessment is evolving toward an interdisciplinary 
paradigm where technical transparency requirements are negotiated within pedagogical, ethical, and 
regulatory frameworks.

Table 11. Thematic clusters from keyword co-occurrence analysis showing primary keywords (weight: total 
link strength), cluster size (n), link strength, and thematic focus

ID Primary Keywords (weight) n Theme

1 responsible AI (28), AI in education (21), educational technology (9) 12 Ethical AI in education

2 predictive analysis (97), SHAP (41), deep learning (32) 11 Advanced Analytics

3 learning analytics (96), feedback (28), conterfactuals (19) 10 Analytics

4 assessment (40), personality (5), use behaviour (5) 9 Assessment

5 ML (111), student performance (32), behavioural aspects (6) 7 ML Methods

6 student well-being (22), LIME (12), lstms (6) 8 Wellbeing

7 AI (24), explainability (9), dynamic modelling (4) 8 Explainability

8 student attrition (34), adaboost (5), optimization (5) 8 Institutional

9 education (15), fuzzy c-means (6), prototype-based algorithms (6) 7 Algorithms

10 students at risk (15), education models (6), support vector regression (6) 7 Risk Prediction

11 higher education (36), undergraduate degree completion (5), CSCL (4) 7 Educational Context

12 large language models (7), ChatGPT (4), prompt engineering (4) 6 Generative AI

13 XAI (193), human-centred computing (3), learnersourcing (3) 3 Core Framework

14 international large-scale assessments (4), PISA (4), student profiles (4) 4 International Assessment

15 online learning (24), student modeling (4), BERT (3) 4 Adaptive Systems

16 educational data streams (4), fuzzy models (4), decision tree (4) 4 Real-time Analytics

17 genetic algorithm (3), interpretation evaluation (3), system design (3) 3 Evaluation

18 imbalanced datasets (5), ITS (5), student field forecasting (5) 3 Tutoring

19 quality assurance (3), automatic report creation (3) 2 Quality

20 actionable explanations (3), imbalance learning (3) 2 Explanations

21 trust (3), explanation satisfaction (3) 2 User Trust

22 feature mining (2) 1 Features
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The clustering analysis reveals XAI (Cluster 13) as the central conceptual hub with 86 occurrences and 193 
total link strength, serving as the primary theoretical framework connecting all research areas. Learning 
analytics infrastructure (Cluster 3) emerges as the second most significant cluster with 96 link strength, 
indicating strong practical implementation focus. Machine learning foundations (Cluster 5) provides the 
methodological backbone with 111 link strength, while advanced predictive analytics (Cluster 2) represents 
cutting-edge technical development.
The four macro-cluster aggregation reveals distinct thematic domains. AI Ethics and Educational Technology 
combines responsible AI implementation (Cluster 1) with emerging generative technologies (Cluster 12) 
and core XAI theory (Cluster 13), emphasizing ethical frameworks and human-centered approaches. 
Deep Learning and Predictive Analytics integrates advanced algorithms (Cluster 2) with foundational 
methods (Clusters 5, 8, 10), representing the technical infrastructure for transparent educational AI. 
Learning Analytics and Feedback Systems synthesizes practical analytics applications (Clusters 3, 11, 15, 
16) focusing on transparent educational interfaces and decision support. Assessment and Educational 
Evaluation encompasses formal evaluation systems (Clusters 4, 6, 14) addressing transparent measurement 
and wellbeing monitoring.
Temporal evolution analysis reveals four distinct phases. Foundation establishment (2021-2022) introduced 
core XAI concepts and basic learning analytics frameworks. Methodological expansion (2023) integrated 
advanced interpretability techniques and developed specialized applications. Application maturation (2024) 
emphasized sophisticated predictive analytics with comprehensive feedback systems. Emerging technologies 
integration (2025) incorporates large language models and advanced neural architectures with maintained 
interpretability requirements.
The overlay visualization (Figure 3) confirms XAI serves as the primary conceptual bridge connecting 
technical methodologies with educational applications while revealing systematic temporal progression 
from foundational concepts (2019-2021) toward practical educational applications (2024-2025). Strong 
connections between learning analytics, assessment, and feedback validate successful integration of 
transparency requirements with practical educational needs, supporting the identified macro-cluster structure 
through empirical network analysis with inter-cluster correlation of 0.31 and intra-cluster coherence of 0.76.

Figure 3. Co-occurrence analysis of author keywords. Overlay visualization.
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Co-citation analysis identifies intellectual foundations with statistically validated theoretical frameworks 
(Table 12). Adadi and Berrada (2018) emerges as the most fundamental reference with 11 citations and 
24 total link strength, providing conceptual foundations consistently applied to educational contexts. 
The correlation matrix suggests 30% of reference pairs exhibit strong co-citation relationships (r > 0.5), 
substantially exceeding typical bibliometric baselines and indicating genuine theoretical integration across 
three distinct knowledge domains: foundational XAI theory, educational AI applications, and technical 
implementation methodologies.

Table 12. Top 10 most co-cited references with validation metrics

Rank Cited Reference Citations Total Link Strength Cluster Correlation Coeff.*

1 Adadi & Berrada (2018) 11 24 Theoretical 0.73**

2 Alamri & Alharbi (2021) 5 11 Applied 0.55**

3 Baranyi et al. (2020) 4 57 Technical 0.82**

4 Delen (2010) 4 53 Technical 0.78**

5 Molnar (2020) 4 23 Methodological 0.45**

6 Chawla et al. (2002) 4 17 Methodological 0.68**

7 Ribeiro et al. (2016) 3 39 Technical 0.52**

8 Hattie & Timperley (2007) 3 17 Pedagogical 0.41*

9 Chen & Guestrin (2016) 3 15 Technical 0.35*

10 Miller (2019) 3 14 Theoretical 0.29*

Note. * Mean correlation coefficient with other references in cluster, ** Statistically significant correlation (r > 0.4)

DISCUSSION
Theoretical Contributions and Implications
This exploratory bibliometric study suggests the emergence of a distinct research intersection that may 
contribute to both XAI theory and educational technology literature. The identification of four statistically 
validated thematic clusters offers preliminary evidence for potential theoretical coherence within this 
specialized domain, while requiring further validation through expanded datasets. The apparent progression 
from foundational AI transparency concepts toward education-specific frameworks indicates the possible 
development of hybrid theoretical approaches that integrate technical explainability requirements with 
pedagogical effectiveness principles.
The convergence around Adadi and Berrada’s (2018) foundational work, while expected, suggests initial 
theoretical translation from general XAI frameworks to educational applications. The emergence of 
education-specific theoretical contributions, particularly in learning analytics transparency and student-
centered explainable systems, indicates the field may be developing beyond mere application toward 
emerging theoretical frameworks, though this development requires longitudinal validation. The observed 
co-citation correlations (30% of reference pairs exhibiting r > 0.5) suggest potential intellectual integration 
across previously separate domains of computer science, educational psychology, and regulatory compliance.
The framework integration revealed through our analysis contributes preliminary understanding of how 
interdisciplinary fields may emerge and stabilize. The apparent synthesis of technical transparency methods 
with educational requirements offers a potential model for other application domains where AI explainability 
must address sector-specific stakeholder needs, regulatory environments, and ethical considerations, though 
these patterns require validation through comparative analysis across domains.

Positioning within Existing Literature
Our findings complement existing systematic reviews while revealing previously unrecognized patterns in 
the literature. The notable growth pattern (R² = 0.7666) supports Bond and colleagues’ (2024) qualitative 
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observation of rapid expansion in AI education research, while our quantitative analysis suggests the potential 
role of regulatory drivers in accelerating research attention.
The identification of extensive terminology fragmentation confirms Altukhi and Pradhan’s (2024) concerns 
about definitional inconsistencies, but our systematic thesaurus development demonstrates potential 
approaches to addressing these challenges. Our standardization of 220 unique keywords into 147 core 
concepts offers methodological frameworks that could benefit future systematic reviews in this rapidly 
evolving domain.
Significantly, our thematic evolution analysis addresses Zawacki-Richter and colleagues’ (2019) concern 
about insufficient attention to ethical implications in AI education research. The emergence of “AI Ethics 
and Educational Technology” as a primary thematic cluster, combined with the progression toward student-
centered applications, suggests that the research community may be integrating ethical transparency 
requirements with practical implementation strategies, though this integration requires empirical validation.
The identification of South-South collaborative partnerships among developing economy institutions 
represents a finding not documented in previous reviews, suggesting that XAI research may be fostering 
new models of international academic collaboration that transcend traditional North-South knowledge 
transfer patterns. This collaborative innovation may reflect the universal nature of regulatory transparency 
requirements and the shared challenges faced by institutions implementing educational AI systems.
Our geographic analysis reveals patterns not previously documented in literature reviews. Countries with 
robust data protection frameworks demonstrate higher citation efficiency (Sweden: 25.50 citations per 
document), suggesting possible relationships between regulatory environments promoting AI transparency 
and research quality. While these patterns warrant further investigation to establish causal relationships, they 
indicate potential considerations for both educational technology implementation and broader regulatory 
framework design.

Methodological and Practical Implications
The methodological challenges encountered in this study illuminate broader issues in bibliometric analysis of 
emerging interdisciplinary fields. The small corpus size (72 documents) and extreme temporal concentration 
(81.9% in 2023-2025) appear to reflect the genuine nascency of this research intersection rather than 
methodological limitations, though this interpretation requires validation through specialized analytical 
approaches for emerging fields.
For educational practitioners and administrators, our findings suggest growing availability of evidence-based 
frameworks for implementing transparent AI systems. The dominance of conference proceedings and rapid 
knowledge dissemination patterns indicate potential translation of research findings into practical applications. 
The concentration of highly cited works on transparent learning analytics interfaces, explainable feedback 
systems, and interpretable prediction models offers preliminary guidance for institutional implementation 
strategies, though effectiveness validation through real-world implementation studies remains necessary.
The identification of successful collaborative models, particularly the coordinated multi-institutional 
initiatives among developing economy institutions, suggests viable approaches for international knowledge 
sharing and capacity building. These partnership patterns may offer practical frameworks for institutions 
seeking to develop XAI capabilities while addressing local regulatory requirements and pedagogical contexts.
For policymakers, the documented research responsiveness to regulatory developments suggests that academic 
communities may effectively address transparency requirements through targeted research programs, though 
this responsiveness requires validation through longitudinal policy impact studies. The establishment of 
foundational works addressing the “right to explanation” in educational contexts offers potential evidence-
based guidance for developing AI governance frameworks specific to higher education environments.
The geographic concentration of high-impact research in countries with strong data protection frameworks 
suggests that regulatory environments promoting AI transparency may facilitate rather than hinder research 
excellence, though this relationship requires systematic investigation to establish causality. This finding has 
potential implications for policy design in jurisdictions developing AI governance frameworks.
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Limitations and Methodological Considerations
While our findings offer valuable insights into this emerging research domain, several methodological 
constraints require explicit acknowledgment. The severely constrained corpus size fundamentally affects 
the reliability of apparent patterns and trends. Many conclusions about collaboration networks, thematic 
evolution, and geographic distribution may reflect coincidental rather than systematic relationships, requiring 
validation through expanded datasets and longer observation periods.
The highly specialized intersection captured by our search strategy may exclude relevant research addressing 
similar concepts through alternative terminological frameworks. Early work in AI transparency for educational 
applications may employ different vocabulary that our Boolean search approach did not adequately capture, 
potentially creating systematic gaps in domain coverage.
The extreme temporal concentration introduces multiple biases that affect interpretation reliability. Recent 
publications may be over-represented due to indexing practices, while citation patterns for recent works 
have not had sufficient time to stabilize. The projection of trends based on six years of data, with only two 
publications pre-2021, lacks the historical depth necessary for confident extrapolation.
Database coverage limitations from exclusive reliance on Scopus may systematically exclude relevant studies 
in discipline-specific databases or publications with limited international indexing. Educational research, 
particularly from developing economies, may be underrepresented despite active participation indicated by 
our collaboration analysis.
The relationship between regulatory developments and research activity patterns requires empirical validation 
beyond temporal correlation. While the growth following GDPR implementation suggests potential causal 
relationships, alternative explanations including technological maturation and increased dataset availability 
cannot be excluded without additional evidence.

Future Research Directions and Opportunities
The preliminary patterns identified in this study suggest several promising avenues for future research 
development that could advance both theoretical understanding and practical implementation of XAI in 
higher education assessment.
Methodological advancement opportunities emerge from the extensive terminology fragmentation and 
definitional inconsistencies identified through our thesaurus development. Future research should prioritize 
developing standardized evaluation frameworks for XAI effectiveness in educational contexts, building upon 
our systematic approach to terminological standardization. The limited focus on engagement-level prediction 
(12.66% of studies) compared to performance prediction (82.28%) indicates significant opportunities for 
expanding research into transparent engagement analytics and intervention systems.
Theoretical development should investigate the convergence patterns revealed through our co-citation 
analysis, particularly the potential integration of educational psychology principles with technical AI 
transparency methods. The apparent progression from foundational XAI concepts toward practical 
educational applications suggests need for comprehensive theoretical frameworks that specifically address the 
unique requirements of educational contexts, including formative assessment effectiveness, student agency 
preservation, and institutional accountability.
Empirical research priorities should address the evaluation gap noted in existing literature, where most 
studies rely on anecdotal evidence rather than robust quantitative metrics for XAI assessment. Future studies 
should develop and validate quantitative frameworks for measuring XAI effectiveness in educational contexts, 
particularly focusing on learning outcomes, student trust, and institutional decision-making quality.
Collaborative research expansion should build upon the successful South-South partnership models identified 
among developing economy institutions. Future research should investigate mechanisms for integrating 
high-performing isolated institutions with partnership-intensive collaborative networks, potentially creating 
more comprehensive global research frameworks that combine excellence-driven and collaboration-intensive 
approaches.
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Technology-focused research should explore emerging XAI methodologies specifically adapted for 
educational data characteristics, including temporal learning patterns, multimodal educational content, and 
heterogeneous student populations. The dominance of classification methods suggests opportunities for 
investigating alternative approaches including unsupervised learning, reinforcement learning, and hybrid 
methodologies for educational transparency.
Longitudinal research opportunities should track the domain’s continued evolution, particularly monitoring 
whether the apparent growth pattern continues or transitions toward maturity phases. Investigation of 
how research themes evolve as the domain encounters practical implementation challenges and evolving 
regulatory requirements will provide insights into interdisciplinary field development dynamics.
Policy and governance research should investigate regulatory framework effectiveness in promoting XAI 
research and implementation, comparative analysis of different national approaches to AI transparency in 
education, and development of evidence-based guidelines for institutional AI governance in higher education 
contexts. The apparent relationship between countries with robust data protection frameworks and research 
excellence warrants systematic investigation to establish causal mechanisms and inform policy design.

CONCLUSIONS
This exploratory bibliometric analysis of 72 peer-reviewed publications spanning 2019-2025 offers 
preliminary insights into the emerging research landscape at the intersection of explainable AI and higher 
education assessment. Publication output grew from isolated contributions in 2019-2020 to 26 documents 
in 2024, and science mapping identified four statistically validated thematic clusters encompassing AI 
transparency methodologies, educational analytics applications, machine learning implementations, 
and student performance prediction systems. Co-citation analysis identified Adadi and Berrada’s (2018) 
XAI survey as the primary theoretical anchor, with 30% of reference pairs exhibiting strong co-citation 
relationships across computer science, educational psychology, and regulatory compliance domains.
For academic researchers, this preliminary mapping identifies potential collaboration opportunities and 
research gaps while highlighting critical needs for standardized terminological frameworks. For educational 
practitioners, the concentration of highly cited works on transparent learning analytics interfaces, explainable 
feedback systems, and interpretable prediction models offers initial guidance for institutional implementation 
strategies. For policymakers, the apparent research responsiveness to regulatory developments following 
GDPR implementation suggests that targeted transparency requirements may stimulate relevant academic 
investigation, though causal relationships require systematic validation.
These findings should be interpreted as preliminary insights into a developing research space rather than 
definitive domain characteristics. Future research should prioritize developing standardized evaluation 
frameworks, expanding focus from performance prediction to engagement analytics, and conducting 
longitudinal studies to establish whether observed patterns represent stable field characteristics or transitional 
phenomena in this emerging interdisciplinary intersection.
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