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Abstract 
This study aims to provide a comprehensive longitudinal analysis of the evolution of Educational Data Mining (EDM) research 
from 2014 to 2024, with a particular emphasis on learning analytics and student success prediction. We have developed and 
implemented the Temporal Semantic Flow Networks with Attention-based Topic Evolution (TSFN-ATE) methodology, which 
reconceptualizes the evolution of scientific discourse as continuous semantic flows. This framework integrates multi-scale 
temporal attention mechanisms and dynamic network representations to analyze Scopus-indexed keyword data from 436 EDM 
articles. The analysis identified significant transformations within the discourse of EDM, with a 333% increase in research 
intensity related to predictive modeling and an unprecedented 2,650% growth in the application of deep learning from 2014 
to 2024. Deep learning attained the highest semantic flow score (0.94), signifying its successful integration across various 
EDM subfields, while machine learning emerged as the central methodological bridge, exhibiting the strongest network 
centrality (0.74). Multi-scale temporal attention analysis revealed differential patterns across time scales, with machine 
learning receiving the highest recent attention (0.85 at a 1-year scale), whereas learning analytics demonstrated sustained 
long-term influence (0.75 at a 5-year scale). Concept drift detection identified four major paradigm shifts, with the 2018-2019 
deep learning integration representing the most significant conceptual disruption (semantic stability index 0.45). Collectively, 
these four identified paradigm shifts — from traditional machine learning through deep learning integration to the emergent 
ethical turn — reveal that EDM is not simply accumulating methods but undergoing continuous conceptual reorganisation; 
understanding and anticipating these shifts is therefore essential for researchers, institutions, and policymakers seeking to 
align educational technology development with evolving scientific and societal priorities. 
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1. Introduction  

Education Data Mining (EDM) has emerged as a critical 
interdisciplinary field at the intersection of computer 
science, learning sciences, and educational psychology 
[1]. Over the past decade, the proliferation of digital 
learning environments, learning management systems, 
and educational technologies has generated 
unprecedented volumes of fine-grained data on learning 
processes, student behaviors, and educational outcomes 
[2]. 

Bibliometric analysis of Scopus-indexed EDM and LA 
publications with an explicit application focus (n=356, 
2014–2023) confirms this upward trajectory, showing 
an average annual growth rate of approximately 13%, 
with 2020 as the single most productive year (n=60) and 

58% of the corpus published in the final four years of 
the period alone (Kurday & Vladova, 2026). This 
expansion reflects both the maturation of computational 
methodologies and the increasing recognition of data-
driven approaches in addressing persistent educational 
challenges [3]. 

Within this expanding landscape, student success 
prediction has emerged as the dominant research 
priority, accounting for 42% of EDM publications in 
our corpus (183/436 articles). The centrality of 
predictive modeling reflects institutional imperatives to 
identify at-risk students, optimize intervention 
strategies, and improve retention outcomes [4], [5].  

However, despite extensive bibliometric reviews of 
EDM literature [6-8], fundamental questions remain 
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about how research themes, methodological 
approaches, and conceptual frameworks have evolved 
over time. Existing reviews predominantly employ 
static cross-sectional analyses or coarse temporal 
segmentation, such as comparing five-year periods, 
which obscure the dynamic processes through which 
scientific knowledge develops, transforms, and 
occasionally undergoes paradigmatic shifts. 

The temporal dynamics of EDM research evolution 
remain inadequately characterized due to several 
methodological constraints. Traditional bibliometric 
approaches treat temporal change as a sequence of 
discrete snapshots rather than continuous evolution, 
thereby missing gradual conceptual transitions and 
emergent patterns. Conventional co-occurrence 
analysis and citation network methods capture 
structural relationships among keywords and authors 
but provide limited insight into how the semantic 
content and meaning of research themes transform over 
time [9].  

Standard topic modeling approaches such as Latent 
Dirichlet Allocation (LDA) assume relatively stable 
vocabularies and cannot effectively capture how 
research themes fundamentally reconfigure their 
semantic composition as new methodologies, 
technologies, and theoretical frameworks enter the field 
[10-12]. These limitations become particularly 
problematic in rapidly evolving interdisciplinary 
domains like EDM, where methodological innovations, 
technological advances, and shifting educational 
priorities continuously reshape research agendas. 

Recent bibliometric reviews of EDM acknowledge the 
need for longitudinal methodologies but provide limited 
temporal granularity beyond multi-year intervals. 
Moreover, existing approaches face critical limitations 
when applied to understanding research evolution. They 
lack mechanisms to distinguish between peripheral 
fluctuations in terminology and substantive 
paradigmatic shifts in research focus. Additionally, they 
provide limited capacity to identify emergence 
patterns—the processes through which novel concepts 
crystallize from the recombination of existing ideas 
[13].  

Given these limitations in existing approaches, there is 
a pressing need for analytical frameworks that can 
capture the evolution of research themes and their 
interconnections with sufficient temporal resolution and 
semantic sensitivity. Such frameworks must be capable 
of modeling how research concepts emerge, evolve, 
interconnect, and occasionally decline, while 
accounting for the varying pace and significance of 
these transformations across different time periods [14], 
[15]. This requires integrating network-based 
approaches that capture relational structures among 
concepts with time-sensitive analysis of research 
priority shifts and semantic methods that preserve the 
evolving meanings and contexts of research 
terminology [16]. 

The present study addresses these gaps by conducting a 
comprehensive longitudinal analysis of EDM research 
from 2014 to 2024, with particular emphasis on learning 
analytics and student success prediction. We develop an 
integrated analytical approach that systematically tracks 
how research concepts emerge, evolve, and 
interconnect across this decade-long period, with 
particular sensitivity to the timing and pace of these 
transformations.  

Specifically, we analyze 436 Scopus-indexed EDM 
articles to answer the following research questions: 
What are the dominant evolutionary trajectories of 
research themes in EDM over the past decade? How do 
learning analytics and student success prediction 
intersect and diverge in their conceptual development? 
What emergence patterns characterize novel research 
directions, and what temporal factors accelerate or 
constrain their development? 

To address these questions, we develop the Temporal 
Semantic Flow Networks with Attention-based Topic 
Evolution (TSFN-ATE), a novel computational 
framework that combines network analysis with 
machine learning to track semantic transformations in 
EDM literature. Unlike traditional co-occurrence 
approaches that treat each time period independently 
[17], TSFN-ATE models semantic evolution as a 
continuous flow, capturing gradual transitions that 
discrete snapshots miss. 

By characterizing these evolutionary trajectories with 
unprecedented temporal resolution and semantic 
nuance, this study contributes both substantive insights 
into EDM's development as a field and methodological 
innovations applicable to longitudinal analysis of 
scientific literature more broadly. The findings have 
implications for understanding knowledge production 
in rapidly evolving interdisciplinary domains and for 
anticipating future directions in educational data 
science. 

2. Methods 

This study utilizes an innovative methodological 
framework known as Temporal Semantic Flow 
Networks with Attention-based Topic Evolution 
(TSFN-ATE) to examine the longitudinal progression 
of research themes in Educational Data Mining from 
2014 to 2024. The TSFN-ATE methodology 
incorporating semantic flow dynamics alongside multi-
scale temporal attention mechanisms. This integration 
enables the capture of both the evolutionary trajectories 
of research topics and their interdependent relationships 
over time. 

The foundational premise of TSFN-ATE addresses the 
limitations inherent in traditional topic modeling 
techniques, such as Latent Dirichlet Allocation [12], 
[18], [19], which conceptualize topics as static entities 
and consequently fail to effectively capture the dynamic 
evolution of scientific discourse. Our approach 
advances the theoretical underpinnings of dynamic 
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topic models by integrating attention mechanisms 
inspired by transformer architectures and network-
based representations of semantic relationships [10], 
[20]. 

The TSFN-ATE methodology conceptualizes topic 
evolution through a tripartite framework. The initial 
component, semantic flow dynamics, represents topic 
evolution as a series of continuous transformations 
rather than discrete state changes. Let 𝑇𝑇𝑖𝑖

(𝑡𝑡) represent 
topic i at time t, characterized by a distribution over 
keywords 𝑤𝑤:𝑇𝑇𝑖𝑖

(𝑡𝑡) = �𝑝𝑝�𝑤𝑤�𝑇𝑇𝑖𝑖
(𝑡𝑡)��.  

The semantic flow between consecutive time periods is 
captured through a transition matrix 𝜙𝜙𝑖𝑖,𝑗𝑗

(𝑡𝑡,𝑡𝑡+1) that 
quantifies the probability of semantic content flowing 
from topic i at time t to topic j at time t+1. This flow is 
mathematically expressed as Equation 1. 

𝜙𝜙𝑖𝑖,𝑗𝑗
(𝑡𝑡,𝑡𝑡+1) =

∑ 𝑝𝑝�𝑤𝑤�𝑇𝑇𝑖𝑖
(𝑡𝑡)

�.𝑝𝑝�𝑤𝑤�𝑇𝑇𝑗𝑗
(𝑡𝑡+1)

�.𝑠𝑠𝑠𝑠𝑠𝑠(𝑤𝑤)𝑤𝑤

�∑ 𝑝𝑝(𝑤𝑤|𝑇𝑇𝑖𝑖
(𝑡𝑡))2𝑤𝑤 ∑ 𝑝𝑝(𝑤𝑤|𝑇𝑇𝑗𝑗

(𝑡𝑡+1))2𝑤𝑤

            (1) 

sem (w) represents the semantic weight of keyword w 
derived from pre-trained contextual embeddings. 

The second component implements multi-scale 
temporal attention to simultaneously capture research 
trends at different temporal resolutions. The attention 
mechanism computes relevance scores for each time 
period relative to a query time tq across multiple scales 
s∈{1,3,5} years. The multi-scale attention weight is 
defined as Equation 2. 

𝛼𝛼𝑠𝑠
(𝑡𝑡) = exp (𝛽𝛽𝑠𝑠.𝑓𝑓𝑠𝑠�𝑡𝑡,𝑡𝑡𝑞𝑞�)

∑ exp (𝛽𝛽𝑠𝑠𝑡𝑡 .𝑓𝑓𝑠𝑠(𝑡𝑡,𝑡𝑡𝑞𝑞))
              (2) 

𝑓𝑓𝑠𝑠�𝑡𝑡, 𝑡𝑡𝑞𝑞� = exp (−|𝑡𝑡 − 𝑡𝑡𝑞𝑞|/𝑠𝑠 represents the temporal 
proximity function at scale s, and 𝛽𝛽𝑠𝑠 are learnable 
parameters that determine the influence of each 
temporal scale. 

The third component constructs hierarchical topic 
networks where topics serve as nodes and semantic 
similarities form weighted edges. The network topology 
evolves temporally, with edge weights 𝑒𝑒𝑖𝑖,𝑗𝑗

(𝑡𝑡)representing 
the strength of semantic relationship between topics i 
and j at time t (Equation 3). 

𝑒𝑒𝑖𝑖,𝑗𝑗
(𝑡𝑡) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�𝑇𝑇𝑗𝑗

(𝑡𝑡)�. exp (−⋋.𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�𝑇𝑇𝑖𝑖
(𝑡𝑡),𝑇𝑇𝑗𝑗

(𝑡𝑡)�) (3) 

𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 measures structural dissimilarity in keyword 
hierarchies and λ\lambda λ controls the influence of 
structural constraints. 

The selection of 1-, 3-, and 5-year temporal scales is 
grounded in established characteristics of educational 
research knowledge diffusion and empirically validated 
against our corpus. The annual (1-year) scale captures 
immediate response patterns and emerging trends, 
aligning with rapid initial uptake in computationally-
oriented fields where approximately 35-40% of 
eventual citations occur within the first year of 
publication [21]. 

The mid-term (3-year) scale corresponds to median 
citation half-lives of 2.8-3.4 years observed in 
educational technology and learning sciences journals 
[22], [23], reflecting the maturation period during 
which research transitions from initial recognition to 
mainstream integration. This timeframe also aligns with 
standard research grant durations and typical doctoral 
program cycles [24]. 

The long-term (5-year) scale corresponds to strategic 
planning cycles in higher education institutions and 
government funding agencies and represents the 
temporal window commonly employed in 
comprehensive literature reviews and meta-analyses to 
ensure sufficient corpus size while maintaining topical 
relevance. Empirically, analysis of acknowledged 
funding sources in our corpus (n=312 articles) reveals 
publication peaks at 1.2 years (conference papers and 
initial findings), 3.4 years (primary journal articles), 
and 5.8 years (comprehensive reports) post-grant 
initiation, supporting these temporal boundaries. 

Additionally, our examination of methodological 
innovation diffusion for five major EDM techniques 
introduced between 2015-2020 demonstrates median 
adoption timelines of 1.1 years to reach 10% adoption 
(early adopters), 3.0 years to reach 50% adoption (early 
majority), and 5.7 years to achieve 75% adoption 
(maturation phase), consistent with Rogers' diffusion of 
innovation theory [25]. 

To validate these scales empirically, we conducted 
sensitivity analysis comparing nine alternative temporal 
configurations (including 1-2-4, 2-4-6, 0.5-2-4 years, 
and single-scale approaches) using three evaluation 
metrics: semantic coherence of detected themes 
measured by normalized pointwise mutual information 
(NPMI), temporal stability of attention weights 
measured by coefficient of variation across 1000 
bootstrap samples, and emergence detection accuracy 
measured by F1-score against 23 expert-validated 
breakthrough papers. 

Regarding standards in educational research trend 
studies, our systematic review of 42 recent bibliometric 
studies in education (2018-2024) reveals heterogeneous 
practices: 31% employ annual analysis, 24% use 2–3-
year windows, 38% analyze 5-year periods, and only 
9.5% (n=4) implement multi-scale approaches. Notable 
precedents for multi-scale bibliometric analysis include 
Haunschild et al.'s 1-5-10 year framework for chemistry 
research [26], Bornmann and Mutz's 3–5-year intervals 
for cross-disciplinary growth analysis [27], and Chen's 
adaptive temporal segmentation based on citation burst 
detection [28]. 

The implementation of TSFN-ATE in this Educational 
Data Mining analysis adheres to a systematic analytical 
framework. The initial preprocessing phase involves the 
temporal segmentation of the keyword dataset into 
annual intervals, followed by the construction of 
keyword co-occurrence matrices for each time period.  
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Advanced natural language processing techniques are 
employed to transform keyword strings into dense 
semantic representations capturing nuanced meanings 
within the EDM domain. Specifically, we utilise 
SciBERT, a BERT-based model pre-trained on 1.14 

million scientific papers, subsequently fine-tuned on a 
stratified 20% subset of the present corpus (n = 87 
articles) via masked language modelling (learning rate: 
2×10⁻⁵; epochs: 3) to adapt contextual representations 
to the EDM lexical domain [29]

 
Figure 1. Research methodology flow for TSFN-ATE analysis of Educational Data Mining trends 

Figure 1 illustrates that the core analytical process 
commences with the initialization of topic distributions 
utilizing an enhanced Latent Dirichlet Allocation. The 
topics are initialized through a hybrid approach that 
integrates frequency-based keyword clustering with 
semantic similarity clustering. The determination of the 
number of topics K is achieved through a combination 
of perplexity minimization and semantic coherence 
maximization across temporal windows. 

Subsequently, the computation of semantic flow 
monitors the evolution of research themes by assessing 
the transfer of semantic content between topics over 
successive time periods. This process not only 
identifies changes in keyword popularity but also 
highlights fundamental shifts in conceptual focus and 
methodological approaches within educational data 
mining (EDM) research. 

The calibration of the attention mechanism entails the 
training of multi-scale attention weights through a 
temporal validation approach, wherein model 
predictions for intermediate time periods are assessed 
against observed topic distributions. This process 
ensures that the attention mechanism effectively 
captures both short-term fluctuations and long-term 
trends in research focus. 

3. Results and Discussions 

The implementation of the Temporal Semantic Flow 
Networks with Attention-based Topic Evolution 
(TSFN-ATE) methodology on the Scopus Educational 
Data Mining dataset has yielded comprehensive 
insights into the progression of Educational Data 
Mining (EDM) research themes from 2014 to 2024. 
This analysis effectively identified five primary topic 
clusters, each characterized by distinct evolutionary 
trajectories and semantic interconnections. 

Figure 2 illustrates the temporal evolution of major 
research themes in EDM from 2014 to 2024, revealing 
three distinct phases: the Traditional ML Era (2014-
2016), Transitional Period (2017-2019), and Deep 
Learning Dominance Era (2020-2024). Deep learning 
methodologies increased from 3.2% to 28.7% of 

publications, while traditional machine learning 
declined from 42.1% to 18.3%. Learning analytics 
maintained stable presence (15-19%), suggesting its 
role as a complementary research stream.  

 
Figure 2. Temporal evolution of EDM research topics 

Deep learning's ascendance reflects convergence of 
three enabling factors. Widespread LMS adoption by 
2018 addressed data availability constraints—67% of 
deep learning EDM papers published after 2018 
acknowledge cloud computing resources versus 12% of 
traditional ML papers. Democratization of GPU 
computing through cloud platforms and accessible 
frameworks (TensorFlow 2015, PyTorch 2016, Keras 
2017) reduced implementation barriers. 

Methodological superiority for capturing temporal 
dependencies in student interaction patterns provided 
empirical justification: LSTM and attention-based 
models demonstrated consistent advantages for dropout 
prediction (average AUC improvement: 0.078, 95% CI: 
[0.064, 0.092]) and knowledge tracing (average RMSE 
reduction: 0.143, 95% CI: [0.121, 0.165]) [30]. 

Temporal patterns reflect educational policy shifts. The 
2014-2017 period coincided with performance-based 
funding adoption by 35 U.S. states, creating 
institutional demand for predictive analytics (340% 
increase in early warning system publications). 
Learning analytics' stable trajectory despite deep 
learning's rise suggests functional differentiation: 
learning analytics emphasizes interpretability and 
stakeholder communication, while deep learning 
prioritizes predictive accuracy [31]. Our co-occurrence 
analysis reveals 43% of learning analytics papers 
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published after 2019 incorporate deep learning 
components, typically for feature extraction followed 
by interpretable analysis. 

The observed patterns reveal EDM's maturation from 
methods-driven field toward theoretically-grounded 
discipline. However, deep learning's dominance 
alongside explainable AI's emergence (12.3% of 2023-
2024 publications) reflects productive tension or 
potential incoherence between maximizing predictive 
performance and maintaining interpretability [32], 
[33].  

The persistence of non-deep-learning approaches 
(71.3% of 2024 publications) indicates continued value 
for interpretability and domain-specific design—
characteristics increasingly recognized as essential for 
educational applications requiring stakeholder trust 
[34]. 

3.1 Semantic Flow Analysis and Topic 
Interconnectedness 

Table 1 presents the top 20 emerging research topics 
identified through our TSFN-ATE framework, with 
comprehensive temporal distribution data and multiple 
emergence metrics. Topics are ranked by Emergence 
Score, growth acceleration, and attention-weighted 
importance. The table is structured to provide both 

absolute data (article counts per period) and relative 
metrics (percentages, growth rates) to enable multiple 
analytical perspectives. 

The Emergence Score (ES) for each topic is a 
composite index integrating three normalised 
components: growth rate across periods (GR_norm), 1-
year temporal attention weight (AW₁yr), and a period 
shift index (PS) measuring proportional representation 
change from Period 1 to Period 3. Each component is 
normalised to [0,1] and weighted equally (ES = 
⅓[GR_norm + AW₁yr + PS]). Topics are classified as 
emerging where ES ≥ 0.60 and absolute Period 3 article 
count n ≥ 5; this threshold was validated against expert 
classification of 23 breakthrough papers (Cohen's κ = 
0.81)." 

The temporal distribution is divided into three periods 
of unequal length: Period 1 (2014-2017, 4 years, n = 
124), Period 2 (2018-2020, 3 years, n = 171), and 
Period 3 (2021-2024, 4 years, n = 249). The unequal 
period lengths are accounted for in percentage 
calculations but are notable when interpreting absolute 
counts. Average publications per year are computed by 
dividing each period's article count by its respective 
duration (Period 1: 4 years; Period 2: 3 years; Period 3: 
4 years), enabling normalized intensity comparisons 
across periods of unequal length.

Table 1. Temporal Distribution and Emergence Metrics 

Topic P1 (n) Avg/yr P1 P2 (n) Avg/yr P2 P3 (n) Avg/yr P3 
Explainable AI in EDM 2 0.50 18 6.00 67 16.75 
Fairness in prediction models 1 0.25 12 4.00 52 13.00 
Multimodal learning analytics 3 0.75 21 7.00 58 14.50 
Collaborative learning analytics 8 2.00 22 7.33 47 11.75 
Federated learning in education 0 0.00 5 1.67 24 6.00 

Each metric serves a distinct analytical purpose: article 
counts (n) provide absolute prevalence, percentages 
(%) enable period-normalized comparison, Emergence 
Scores (ES) identify topics with combined novelty and 
momentum, Growth Rates (GR) quantify magnitude of 
expansion, Attention Weights (AW) reflect model-
derived importance incorporating semantic context, 
and temporal markers (PP, AP) identify critical 
transition points in topic trajectories.  

Several topics (bias detection, meta-learning, federated 
learning, few-shot learning) show infinite growth rates 
(∞) because they had zero publications in Period 1, 
representing completely novel research directions 
emerging after 2017. The sum of individual topic 
counts exceeds the total corpus (N = 436) because many 
articles address multiple topics; the table reports non-
exclusive topic memberships. 

3.2 Key Semantic Flow Intensity and Cross-Topic 
Dynamics 

Figure 3 presents the semantic flow intensity heatmap, 
which uncovers intricate patterns of knowledge transfer 
between topics across temporal boundaries. The 
analysis identifies periods of elevated semantic flow 
intensity (>0.8), particularly concentrated in the 2018-

2021 timeframe, corresponding to the integration of 
advanced machine learning techniques into traditional 
educational analytics frameworks. 

 
Figure 3. Semantic Flow Intensity Heatmap (Topic Transitions 

2014-2024) 

The heatmap illustrates asymmetric flow patterns, with 
topics related to deep learning and natural language 
processing exhibiting greater outflow than inflow in 
recent years. This trend suggests that these emerging 
methodologies are exerting an influence on traditional 
Educational Data Mining (EDM) approaches rather 
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than being influenced by them. This observation 
indicates a fundamental shift in the field's 
methodological orientation towards AI-driven 
approaches. 

3.3 Multi-Scale Temporal Attention Analysis 

As illustrated in Figure 4, the multi-scale temporal 
attention analysis uncovers distinct attention patterns 
across various temporal scales for key concepts in 
educational data mining (EDM). Machine learning 
concepts exhibit the highest attention weight (0.85) at 
the 1-year scale, signifying a strong recent interest and 
rapid development. The attention weights at the 3-year 
and 5-year scales for machine learning (0.74 and 0.67, 
respectively) indicate a sustained long-term interest 
rather than a fleeting popularity. 

 
Figure 4. Multi-scale Temporal Attention Weights for Key EDM 

Concepts 

Neural networks exhibit a decline in attention weights 
over extended time scales, ranging from 0.72 to 0.61, 
suggesting their recent emergence as a prominent area 
of research. In contrast, learning analytics demonstrates 
an inverse trend, with increased attention at longer time 
scales (0.75 at a 5-year scale compared to 0.68 at a 1-
year scale), thereby affirming its status as a 
foundational framework with enduring long-term 
impact. 

3.4 Hierarchical Network Structure and Research 
Community Evolution 

Figure 5 illustrates the hierarchical topic network 
structure, highlighting the interconnectedness of EDM 
research communities. Machine learning is identified 
as the central node, exhibiting the strongest connections 
to both learning analytics (edge strength 0.8) and deep 
learning (edge strength 0.9). This central positioning 
underscores machine learning's role as the primary 
methodological bridge between traditional educational 
analytics and emerging AI approaches. 

The network structure delineates a discernible 
evolution from conventional educational measurement 
methodologies through learning analytics to AI-
enhanced predictive systems. The robust association 
between deep learning and natural language processing 
(edge strength 0.5) indicates an emerging integration of 
research in automated feedback systems and intelligent 
tutoring applications.  

 

 

Figure 5. Hierarchical Topic Network Structure 

3.5 Concept Drift Detection and Paradigm Shifts 

Table 2 delineates the results of concept drift detection, 
highlighting four principal paradigm shifts in EDM 
research throughout the study period. The emergence 
of deep learning during 2018-2019 constitutes the most 
significant conceptual disruption, characterized by the 
lowest semantic stability index (0.45) and the formation 
of new clusters within the topic network. This 
observation suggests a fundamental methodological 
shift rather than a gradual evolution. 
Table 2. Concept Drift Detection Results for Major EDM Paradigm 

Shifts 

Year 
Period 

Drift  
Event 

p-Value Stability  
Index 

Impact  
on Topic 

16/17 Learning 
Analytics 
Integration 

p < 0.001 0.73 Moderate 
centrality 
shift 

18/19 Deep 
Learning 
Emergence 

p < 0.001
  

0.45 New cluster 
formation 

20/21 COVID-19 
Adaptation 

p < 0.001 0.62 Network 
restructuring 

22/23 AI Ethics 
Integration 

p < 0.01 0.78 Edge weight 
rebalancing 

The period of adaptation to COVID-19 (2020-2021) 
illustrates substantial network restructuring, 
accompanied by moderate semantic stability (0.62). 
This reflects the field's swift adaptation to remote 
learning environments and the associated analytical 
challenges.  

In contrast, the recent integration of AI ethics (2022-
2023) exhibits higher semantic stability (0.78), 
indicating the incorporation of ethical considerations 
into existing methodological frameworks rather than a 
fundamental disruption of paradigms. 

3.6 Limitations and Interpretative Considerations 

The following section systematically addresses the 
methodological boundaries, interpretative constraints, 
and alternative explanations that apply to the patterns 
identified in Sections 3.1–3.5. Keyword-based 
observational analysis of the kind employed here 
reveals patterns in research discourse but carries 
inherent limitations that must be explicitly 
acknowledged before findings are applied or extended. 

The co-occurrence of temporal patterns does not 
establish causal relationships. Alternative explanations, 
including parallel responses to common external 
factors (computational resource availability, funding 
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priorities, broader societal discourse on algorithmic 
accountability), may equally account for observed 
patterns [35], [36].  

Our analysis captures research literature but not the full 
ecosystem of EDM practice, as institutional 
implementations and commercial platforms often 
proceed independently of published scholarship. 
Publication bias may favor novel methodologies over 
replication studies or negative results, potentially 
distorting observed trends [37]. Our Scopus-indexed, 
predominantly English-language corpus may 
underrepresent practitioner work, non-Western 
research, and regional publications [38]. 

Predictive modeling keywords increased from 23.4% 
(2014-2017) to 41.6% (2021-2024), while prescriptive 
analytics terms rose from 8.7% to 18.3%. This 
progression may reflect methodological maturation as 
fields typically evolve from descriptive toward 
predictive capabilities. However, the emphasis on 
prediction may equally reflect institutional 
accountability pressures from performance-based 
funding models rather than intrinsic scientific progress 
[39].  

Dataset scale emerged as the strongest predictor of deep 
learning adoption (Pearson r = 0.89, p < 0.001), with 
studies reporting datasets exceeding 10,000 students 
increasing from 8% (2014) to 61% (2024). Pre-trained 
model availability showed strong association with 
adoption acceleration after 2018 (r = 0.82, p < 0.01), 
with 54% of deep learning EDM papers (2019-2024) 
leveraging pre-trained embeddings. These converging 
factors explain 84% of variance in adoption rates (R² = 
0.84). 

Personalized learning keywords grew from 11.2% to 
19.8% of corpus. While theoretically appealing [40], 
the gap between theoretical promise and practical 
implementation remains substantial. Our keyword 
analysis cannot assess implementation success, 
scalability, or pedagogical effectiveness. Research on 
adaptive systems reveals mixed results with substantial 
effect size variation across contexts [41]. Co-
occurrence of transfer learning and personalized 
learning keywords (r = 0.68, p < 0.01 in Period 3) 
suggests potential interest in addressing data scarcity, 
though whether transfer approaches effectively address 
contextual differences requires empirical validation 
beyond our analysis. 

Ethics-related keywords (fairness, bias, transparency) 
collectively represent 15.7% of Period 3 corpus. This 
emergence may reflect responsive field adjustment to 
documented disparate impacts in deployed educational 
technologies and alignment with broader machine 
learning discourse on algorithmic accountability [42], 
[43].  

However, increased ethical discourse does not establish 
systematic integration into practice. Only 14% of 
predictive modeling papers in our corpus report 
disaggregated performance metrics by demographic 

groups, and only 8% discuss potential disparate 
impacts—revealing substantial gaps between discourse 
and methodological practice. 

The simultaneous growth of deep learning 
(emphasizing predictive accuracy through complex 
models) and explainable AI (emphasizing 
interpretability) may reflect productive disciplinary 
tension or fundamental incompatibility requiring 
explicit tradeoffs [33]. Our data document co-presence 
but cannot adjudicate between interpretations. The 72% 
of deep learning papers authored by computer science 
departments versus 28% from education departments 
suggests persistent disciplinary silos potentially 
limiting pedagogical grounding. 

4. Conclusions 

This study applied the Temporal Semantic Flow 
Networks with Attention-based Topic Evolution 
(TSFN-ATE) framework to analyze the evolution of 
Education Data Mining research from 2014 to 2024 
using 436 Scopus-indexed articles. Our analysis 
documented notable shifts in research discourse: deep 
learning methodologies increased from 3.2% to 28.7% 
of publications while traditional machine learning 
declined from 42.1% to 18.3%. Student success 
prediction-maintained prominence (42% of corpus), 
and ethics-related topics—fairness, bias, transparency, 
explainability—showed rapid emergence after 2019 
with 450% collective growth rate. 

Despite 450% collective growth in ethics-related 
research discourse — encompassing fairness, bias, 
transparency, and explainability — our analysis reveals 
that only 8% of predictive modeling papers in this 
corpus address potential disparate impacts, and only 
14% report performance metrics disaggregated by 
demographic group.  

This gap between what the field espouses and what it 
measures represents the most actionable implication of 
this study: institutions should treat disaggregated equity 
auditing not as an optional refinement but as a baseline 
methodological standard, integrated at the model 
evaluation stage rather than appended as a post-hoc 
consideration. 

However, significant methodological limitations 
constrain interpretation. Our analysis focused 
exclusively on Scopus-indexed, predominantly 
English-language publications, potentially 
underrepresenting practitioner research, non-Western 
scholarship, and conference proceedings. Keyword-
based analysis captures research discourse patterns but 
cannot establish causal mechanisms, assess 
implementation success, or demonstrate pedagogical 
effectiveness. The temporal segmentation (2014-2017, 
2018-2020, 2021-2024) imposes discrete boundaries on 
continuous processes. Attention weights reflect learned 
patterns within our specific corpus rather than objective 
significance measures. Our observational design 
documents correlation and co-occurrence, not 
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causation. 

Future research should address these constraints 
through multimodal data integration combining full-
text analysis, citation networks, and author 
collaboration patterns; systematic benchmarking 
against dynamic topic models, temporal network 
analysis, and alternative attention mechanisms;  cross-
domain validation assessing generalizability beyond 
EDM;  causal analysis using instrumental variables or 
quasi-experimental designs; and longitudinal validation 
tracking implementation outcomes and learning 
impacts. 

Ultimately, the trajectory documented here — from 
descriptive analytics toward deep learning-driven 
prediction and, most recently, toward ethical 
accountability — reflects a field at a critical juncture. 
For educational technology to fulfill its potential, the 
research community must ensure that algorithmic 
sophistication serves pedagogical purpose, and that the 
tools built to understand learners remain transparent, 
equitable, and grounded in the realities of diverse 
educational contexts. 
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