
 
 

 
Date of publication April 18, 2026, date of current version April 18, 2026. 
Digital Object Identifier 10.64539/sjcs.v2i2.2026.453 

 
Scientific Journal of Computer Science 2026, 2, 2 https://journal.futuristech.co.id/index.php/sjcs 

Review 

Graph Neural Networks (GNN) and Long Short-Term Memory 
(LSTM) for Forecasting Learner AArition: A Systematic Review 
Chinedu Cory Otuya¹,* , Afolayan Ayodele Obiniyi², Joseph Sunday Igwe³ 

1 Africa Centre of Excellence on Technology Enhanced Learning, National Open University of Nigeria, Plot 91, Abuja 
900108, Nigeria; e-mail: ace2225013@noun.edu.ng, ccotuya@nuc.edu.ng (C.C. Otuya). 

2 Department of Computer Science, Federal University Lokoja, Lokoja-Okene Expressway, Felele, Lokoja, Kogi State, 
Nigeria; e-mail: aaobiniyi@gmail.com (A. A. Obiniyi). 

3 Department of Computer Science, Ebonyi State University, P.M.B. 053, Abakaliki, Ebonyi State, Nigeria; e-mail:  
igwejoesun@ebsu.edu.ng (J. S. Igwe). 

* Correspondence 
 
The authors received no financial support for the research, authorship, and/or publication of this article. 

Abstract: The issue of learner attrition is a long-standing problem in Open and Distance Learning (ODL) 
settings where the lack of physical interaction and flexibility exacerbates the risk of disengagement. The use 
of Deep Learning (DL) techniques for forecasting complexity of behavioural and relational patterns of edu-
cational data has grown in usage. While Artificial Intelligence, DL in particular offers superior accuracy in 
forecasting attrition, the selection of appropriate techniques that addresses temporal sequence and relational 
patterns remains a critical gap due to inductive biases of ODL settings. This paper performs a systematic 
review based on the Preferred Reporting Items of Systematic Reviews and Meta-Analyses (PRISMA) tool in 
order to synthesize the current body of knowledge regarding the use of LSTM and GNN in forecasting 
attrition. The peer-reviewed articles were located in major digital databases and filtered based on predeter-
mined inclusion and exclusion criteria. The review evaluated model archetypes, data properties, metrics of 
evaluation, and performance results. Results showed that LSTM models were more useful in learning tem-
poral patterns of engagement, whereas GNN models were efficient at learning relational and social learning 
patterns. Nevertheless, differences in datasets, validation procedures and evaluation metrices made it diffi-
cult to directly compare the results. The study identified methodological gaps of single models and recom-
mended the use of hybrid methods for increased accuracy. The review gave consolidated information that 
direct researchers and institutions in the selection of suitable hybrid deep learning model in forecasting 
learner attrition. 
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1. Introduction 
The issue of learner attrition is a long-standing prob-

lem in Open and Distance Learning (ODL), settings where 
the flexibility of delivery, the lack of physical interaction, 
and the diversity of learners’ population compound the 
chances of dropping out or attrition [1]-[4]. In contrast to 
conventional classroom learning, online courses and Mas-
sive Open Online Courses (MOOCs) are prone to high 
dropout rates which is a major waste of institutional re-
sources and institutional breakdown in supporting stu-
dents [3], [5]-[8]. It is crucial to examine the key determi-
nants of this attrition in the fact that these are the direct 

determinants of the institutional coefficient of efficiency 
[3]. As a result, educational data mining (EDM) has be-
come a fundamental part of modern academic retention 
practices because it has led to the creation of strong early-
warning systems [1], [2], [4], [5], [9]-[14]. 

The initial predictive systems were mainly based on 
traditional machine learning classifiers that extensively 
used the non-dynamic socio-demographic and engage-
ment aspects, with moderate predictive accuracy [5], [13], 
[15]. Attrition is never the consequence of one factor; in-
stead, it develops along complicated behavioural paths 
and social contacts [2], [3]. This has seen the emergence of 
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the deep learning architectures that have the capacity to 
model the high dimensional digital trace data of Learning 
Management Systems (LMS) [11], [12]. Among them, Long 
Short-Term Memory (LSTM) networks and Graph Neural 
Networks (GNNs) are two paradigms of modelling that 
are fundamentally different. 

LSTM networks were specifically designed to learn 
temporal data causalities that exist in sequential data 
through the use of an elaborate gating structure that con-
trols the retention and modulation of memory cells [2], 
[16]. They demonstrate a reasonable level of expertise in 
tracking the temporal dynamics of a single learner, there-
fore, revealing the occurrence of such phenomena as grad-
ual burnout by a gradual decrease in the frequency of 
logins or progressive changes in activity profiles [4], [17]. 
However, learner success is not a discrete chronological 
event but is deeply interred in both social and structural 
networks. Theoretical perspectives of academic integra-
tion presuppose that peer influence and collaborative net-
works can be regarded as the salient predictors of persis-
tence [17]. Traditional sequential models on the contrary 
are essentially node-blind to these relational dynamics - a 
limitation that GNNs are intended to overcome. 

Graph Neural Network are educational information 
that is presented in the form of complex networks of inter-
connected objects, such as students, courses, and other 
units [7], [12]. Such networks represent the relationships, 
or contagion effects, where the exit of one player increases 
the probability of exit of the proximate collaborators of the 
player [7], [18]. More recent studies have examined the 
concept of multi-topology or dual-graph design to simul-
taneously measure endogenous behavioural properties 
and exogenous social ties [5], [12], [18]. Moreover, the pre-
dictability of dropouts has been increasing over time, 
which is due to the development of spatio-temporal GNN 
models and interpretable relational graph convolutional 
processes [10], [19], [20]. Other similar hybrid graph en-
hanced architectures have been successfully applied in ad-
vanced predictive tasks, such as chemical structure based 
activity forecasting, hence demonstrating the scalability 
and extensiveness of graph neural network architectures 
to a range of applications [21]. Beyond dropout forecast-
ing, graph neural network designs have also been used to 
construct individualized learning groups in massively 
open online courses, as well as to suggest courses, thus fur-
ther demonstrating their capabilities with respect to mod-
elling intricate networks of educational interactions [6]. 

Although the number of ensemble approaches that 
combine Convolutional Neural Networks (CNNs), Gated 
Recurrent Units (GRUs), or Bidirectional GRUs (BiGRUs) 
with Graph Convolutional Networks (GCNs) continues to 
increase [8], [22], there is limited empirical research that 
explicitly compares the predictive power of pure LSTM 
models to that of GNNs in the same experimental condi-
tions. Specifically, hybrid architectures incorporating both 

LSTM and GNN elements have also been proposed in dif-
ferent areas with superior performance in terms of simul-
taneous temporal and relational features learning [23]. Us-
ing the PRISMA guidelines, the review also outlines the 
current trends, strengths, limitations, and research gaps in 
the existing literature. Isolating the architectural para-
digms and keeping the preprocessing and validation pro-
tocols consistent, the study aims at improving methodo-
logical transparency on whether the temporal depth or the 
relational breadth is the more effective framework in the 
context of the attrition forecasting [1], [24]. Despite the var-
ious DL models suggested to tackle the problem of attri-
tion, prevalent literature often evaluate individual models 
[2] and hybrid models [1]. Rather than treating LSTM and 
GNN as competing techniques, this study aims to conduct 
a comparative synthesis of their respective inductive bi-
ases. Roh et al. [7] and Li et al.  [18] argues that misalign-
ment of models to dataset causes underperformance, high-
lighting specifically in the case where pure LSTM was ap-
plied to an environment where the primary driver of attri-
tion was peer-influence or social network. The author de-
scribed this situation as "node-blind" specifically in recall 
because its chronological architecture is misaligned with 
the relational structure of the data. Lower performance of 
DL models may also be as a result of limited scope of the 
dataset. In [2], the authors deployed an LSTM in an ODL 
context but only achieved an accuracy of 0.57. While in [25] 
class imbalance using a single metric (like basic Accuracy) 
causes the model to appear misaligned or fail to capture 
the actual at-risk students, necessitating a multi-metric ap-
proach. Thus by isolating models and evaluating how they 
interact with unique educational datasets, this review 
seeks to clarify the specific conditions under which tem-
poral depth or relational breadth is most effective, ulti-
mately guiding the development of robust, complemen-
tary hybrid architectures in identifying at-risk learners at 
an early age to institute suitable intervention. 

The rest of this paper presents Section 2 outlining the 
method, which includes research questions and search 
strings. Section 3 presents an overview of the LSTM and 
GNN paradigms. Section 4 provides the comparative re-
sults, statistical synthesis, and addresses the research 
questions. Finally, Section 5 concludes the study with im-
plications and future research directions. 
 
2. Method 

This systematic review was prepared in accordance 
with the Preferred Reporting Items of Systematic Reviews 
and Meta-Analyses (PRISMA) guidelines, which made it a 
transparent, objective, and reproducible synthesis of the 
deep-learning applications to forecasting attrition. The 
stages of the systematic review process, including identifi-
cation, screening, eligibility, and inclusion, are illustrated 
in Figure 1. The research was guided by the following re-
search questions: 
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Table 1. Inclusion and Exclusion Eligibility Criteria. 

Criteria Type Inclusion Criteria Exclusion Criteria 

Domain Educational settings (ODL, MOOCs, Higher Ed), 
or parallel attrition domains 

General NLP or computer vision tasks unre-
lated to human attrition/dropout. 

Architecture Employs LSTM, GNN, or hybrid combinations 
(e.g., CNN-LSTM, GNN-LSTM). 

Traditional Artificial Intelligence. 

Outcomes Must report quantitative classification metrics (Ac-
curacy, Precision, Recall, F1, AUC). 

Qualitative studies, conceptual frameworks 
without empirical validation. 

Publication Peer-reviewed journal articles and conference pro-
ceedings (2021–2026). 

Preprints, non-peer-review articles.  

 

 
Figure 1. Systematic Review stages diagram. 
 

a) What are the current architectural trends in apply-
ing LSTM and GNN for forecasting learner attri-
tion? 

b) How does the performance of LSTM and GNN 
models compare across DL evaluation metrics? 

 
2.1. Search Strategy and Information Sources 

A structured literature search was carried out in the 
key academic databases, which included, IEEE Xplore, 
ProQuest, ScienceDirect, ACM Digital Library, Spring-
erLink, and Google Scholar. Such databases have been 
chosen to ensure that engineering, computer science, and 
educational technology scholarship is fully covered. The 
search strategy included Boolean operators and domain-
specific keywords including learner attrition, student 
dropout, dropout forecasting, deep learning, Long Short-
Term Memory, LSTM, and Graph Neural Network, GNN, 
MOOC, and Open and Distance Learning. The search 
timeframe covered the years between January 2021 and 
March 2026, which allowed capturing recent develop-
ments in deep-learning designs and changing inductive bi-
ases applicable to sequential and graph-based modelling 
[2], [26], [27]. Besides searching databases, backward and 
forward citation of the highly cited and relevant studies 
was conducted to determine additional publications that 
met the eligibility criteria. Peer-reviewed journal articles 
and conference proceedings were taken into consideration 
only hence ensuring academic and technical strength. 
 
2.2. Inclusion and Exclusion Criteria 

The studies were incorporated in case they reported 
empirical studies that applied pure or hybrid LSTM or 
GNN architectures to conduct predictive modelling tasks, 
especially in the area of learner attrition. It was also taken 

into account to use hybrid models based on complemen-
tary architecture, which included CNN, GRU, BiGRU, or 
Graph Convolutional Networks when it was a main part 
of the predictive framework [1], [8], [28]. The main area of 
concern was the attrition of learners in Open and Distance 
Learning (ODL) and Massive Open Online Courses 
(MOOCs) [7], [10]. However, research that examines the 
corresponding attrition predictive situations, including 
employee attrition [27], was included when they presented 
transferrable DL methodologies that could be applied to 
educational forecasting modelling. Human-centric disen-
gagement often follows similar patterns of longitudinal 
and relational decay patterns within corporate and aca-
demic networks. Thus, the research [27] provided critical 
architectural insights applicable to learner attrition. Fi-
nally, the studies had to be eligible, i.e. supply quantifiable 
performance measures, such as but not limited to Accu-
racy, Precision, Recall, F1-score, or ROC-AUC, to support 
systematic comparison. The studies were not included in 
case they did not contain enough architectural infor-
mation, had no empirical verification, were non-peer-re-
viewed editorials or opinion papers, and were not in Eng-
lish. These criteria were used to guarantee technical com-
parability and methodological consistency between the ul-
timate study pool (Table 1). 
 
2.3. Data Extraction and Synthesis 

Data extracted from the final pool of articles included 
model archetypes (e.g., SIG-Net, CNN-BiGRU-GCN), data 
properties (clickstream data, social interaction graphs), 
and performance outcomes [12], [13], [28]. We categorized 
the findings into two primary modeling paradigms: Tem-
poral Sequence Modeling (focusing on LSTM gating) and 
Relational Graph Modeling (focusing on GNN message 
passing) [16], [26]. 
 
2.4. Model Archetypes, Data Properties, Metrics of Evalu-
ation, and Performance Results 

The review presented a spectrum of paradigms of 
models, including standard Long Short-Term Memory 
networks (LSTMs) with univariate time-series data [4] and 
more advanced relational networks like Study-GNN [13]. 
Data  properties  are  largely   divided   into   chronological  
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Figure 2. PRISMA Flow Diagram. 
 
clickstream logs and interaction matrices [29]. Evaluation 
metrics in the reviewed literature prioritized the F1-score 
and Recall over Accuracy due to class imbalance inherent 
in attrition datasets [18], [24]. The literature brought out 
three salient architectural trends. To begin with, LSTM-
only models are primarily used to sequential LMS logs, 
and clickstream data, showing a high level of success in 
the modelling of longitudinal engagement patterns [12], 
[13]. Second, graph-based models which were purely 
GNN-based models, used graph convolution and struc-
tural relational aggregation to learn peer influence and 
structural dependencies based on graph-structured repre-
sentations of student-to-student or student-to-course in-
teractions [7], [10]. Third, hybrid architectures that include 
convolutional, recurrent, and graph-based architectures, 
including CNN-BiGRU-GCN variants that were designed 
to trade-off temporal depth and relational representation 
ability [8], [28]. The performance measures reported in the 
literature have shown variations with F1-score and ROC-
AUC being a consistent performance metrics documented 
in the literature, however, variation in evaluation proto-
cols, data partitioning methods, and class imbalance man-
aging factors restricts the straightforward quantitative 
comparability. 
 

2.5. Data Analysis 
The analytical approach used by the study focused on 

comparative thematic evaluation across architectural par-
adigms. Models were examined with respect to their in-
ductive biases, representational capacity, computational 
complexity, and reported predictive performance using 
evaluation metrics. Particular emphasis was placed on un-
derstanding how sequential dependency modelling in 
LSTMs contrasted with relational dependency modelling 
in GNNs. This involved an investigation of the "forget-
gate" mechanics of LSTMs [16], [30] against the "neigh-
bourhood aggregation" or "message passing" techniques 
of GNNs [1], [12], [26]. Performance was synthesized by 
grouping studies based on dataset scale and the degree of 
social interaction features present. Trend analysis further 
indicated a growing shift toward graph-based approaches 
in recent years, reflecting increased recognition of rela-
tional dynamics in learner attrition behaviour. Neverthe-
less, LSTM-based architectures remain prominent due to 
their effectiveness in modelling temporal engagement tra-
jectories. 
 
2.6. Validity and Reliability 

Internal validity was strengthened through adher-
ence to PRISMA guidelines, predefined eligibility criteria, 
and structured screening procedures (Figure 2). Also to 
ensure validity, the selection process involved cross-veri-
fication of studies against established EDM benchmarks 
[9], [14], [24]. Cross-database searches and citation track-
ing reduced the likelihood of omission bias. Reliability was 
supported through the consistent application of a stand-
ardized data extraction template and careful verification 
of architectural descriptions, reported metrics, such as k-
fold cross-validation or hold-out testing, as exemplified in 
recent baseline studies [4], [5]. Despite these measures, 
variability in reporting standards and dataset characteris-
tics across studies constitutes an inherent limitation affect-
ing cross-study comparability. The absence of standard-
ized benchmark datasets further constrains direct perfor-
mance aggregation. 
 
2.7. Ethical Consideration 

This review adhered to ethical guidelines by ensuring 
proper attribution of all reviewed works and focusing on 
anonymized or peer-reviewed datasets. As the study 
moves toward practical application in ODL, it emphasizes 
the importance of explainability in GNNs and LSTMs to 
prevent algorithmic bias during student intervention [7], 
[10], [27]. 
 
3. LSTM and GNN Overview 

The systematic review identified two distinct path-
ways through which deep learning addresses the attrition 
problem. 

Studies included in systematic 
review (n = 31) 

Included

Full-text articles assessed for 
eligibility (n = 45)  

Full-text articles excluded, with reasons (n = 14):
- Traditional ML only (n = 6)
- Lacked quantitative metrics (n = 5)
- No empirical validation (n = 3)

Screening

Records screened (n = 100) Records excluded (n = 55)

Identification
Records identified from Databases
IEEE Xplore (n = 45); ScienceDirect (n = 38); ProQuest (n = 
25); ACM Digital Library (n = 20); SpringerLink (n = 22)
Total Databases (n = 150)

Records removed before screening
Duplicate records removed (n = 45)
Records removed for other reasons (n = 5)
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Table 2. Comparative Summary of LSTM and GNN in Attrition Research. 

Key Feature LSTM Paradigm GNN Paradigm Key References 

Data Structure Sequential/Time-series Graph/Relational [16], [26] 
Inductive Bias Chronological dependencies Structural connectivity [7], [17] 
Strengths Individual burnout patterns Social/Network contagion [4], [10] 
Input Type LMS Log sequences Interaction Adjacency Matrices [13], [29] 
Explainability Attention over time Relational edge importance [7], [27] 

 

 
 

Figure 3. Schematic Diagram of a typical LSTM [16]. 
 

 
Figure 4. Schematic Diagram of Hybrid LSTM-GNN [19]. 
 

 
Figure 5. Conceptual Framework.  
 
3.1. Temporal Modelling with LSTM 

LSTM networks have become the baseline for sequen-
tial student data [4], [31]. By utilizing input, forget, and 

output gates, these models effectively process the "tem-
poral trajectory" of students [16], as illustrated in Figure 3. 
As noted by Umar et al., the ability to remember long-term 
engagement trends allows LSTMs to outperform tradi-
tional machine learning in identifying "slow burnout" pat-
terns [4]. 
 
3.2. Relational Modelling with GNN 

GNNs represent the "structural shift" in attrition re-
search. Rather than viewing a student in isolation, GNNs 
model the student as a node within an interaction graph 
[7], where information is propagated through neighboring 
nodes via message passing and aggregation mechanisms, 
as illustrated in Figure 6. Frameworks like SIG-Net use 
student interaction graphs to capture the social contagion 
of dropout [7]. Studies show that relational features often 
provide higher sensitivity (recall) because disengagement 
frequently spreads through peer networks [1], [10] 
 
3.3. Systematic Comparison of Architectures 

Based on the PRISMA review, Table 2 summarizes the 
key differences between LSTM and GNN paradigms in at-
trition research. LSTM focuses on sequential data and 
chronological dependencies to model individual behavior 
patterns, while GNN captures relational structures and 
network interactions. These differences are reflected in 
their input types and explainability approaches, highlight-
ing their complementary strengths in modeling attrition 
phenomena. 
 
3.4. Emerging Hybrid and Spatio-Temporal Models 

Recent research from 2025–2026 suggests a conver-
gence of these paradigms. Hybrid models such as CNN-
GNN-LSTM [15] and CNN-BiGRU-GCN [28] are being de-
ployed to capture both the local feature extraction and the 
spatio-temporal dynamics of learner behaviour [6], [19], 
[30]. It is necessary to differentiate the inductive biases of 
temporal sequencing (LSTM) and relational connectivity 
(GNN) and combine them into hybrid forecasting models, 
as illustrated in Figure 4 and Figure 5. 
 
4. Result and Discussion 

The PRISMA screening procedure resulted in the in-
clusion of 31 peer-reviewed studies published between 
2021 and 2026 that satisfied the predefined eligibility crite-
ria (Figure 2). The selected  literature  represents  empirical  
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Figure 6. Schematic Diagram of Typical flow of GNN [32]. 
 
Table 3. Summary of Metrics across Key Studies. 

Study/ 
Model 

Architecture 
Type 

Dataset Domain Accu-
racy (%) 

Preci-
sion 

Recall F1-
Score 

ROC-
AUC 

Validation 
Method 

[2] LSTM ODL 0.57 — — — — Train/Test Split 
[7] SIG-Net (GNN) MOOC (KDD 

Cup) 
0.89 0.865 0.894 0.879 — Cross-Validation 

[12] Dual GNN Online Learning 
(OULAD) 

0.93 0.915 0.902 0.908 — Cross-Validation 

[5] Hybrid LSTM + 
2D-CNN 

Campus Multi-
source Data 

0.90 0.885 0.892 0.889 — Cross-Validation 

[13] Random Forest 
(RF) 

LMS Clickstream 0.91 0.89 0.91 0.9 0.94 10-Fold CV  

[9] Random Forest Higher Education 0.709 — — — — 10-Fold CV  
[14] WResNeXt-MJ Educational Envi-

ronment 
0.98 0.984 — — — 10-Fold CV  

[15] Regularized Re-
gression 

Higher Education 
(US) 

— — — — 0.88  10-Fold CV  

[24] XGBoost Employee Attri-
tion 

0.955 — 0.984 — — Cross-Validation 

[18] Study-GNN Educational Net-
work 

> GCN — — — — Cross-Validation 

[21] Dumpling GNN 
(Hybrid) 

Chemical Struc-
ture 

— 0.412  — — 0.784  Cross-Validation 

[33] GNN-LSTM Fire Weather In-
dex 

— 0.85  — — 0.96  Cross-Validation 

[25] 7 Classifier 
Framework 

Distance Learning — — — — — Cross-Validation 

 
Table 4. Statistical Summary of Model Performance Metrics. 

Metric Minimum Maximum Mean Std. Dev. 

Accuracy 0.57 0.98 0.86 0.13 
Precision 0.87 0.98 0.91 0.04 
Recall 0.89 0.98 0.92 0.04 
F1-Score 0.88 0.91 0.89 0.01 
ROC-AUC 0.78 0.96 0.89 0.08 

 
applications of Long Short-Term Memory (LSTM), Graph 
Neural Networks (GNN), and hybrid deep learning archi-
tectures applied to forecasting attrition and related prob-
lems. The results synthesize quantitative performance out-
comes, architectural trends, and methodological implica-
tions aligned with the objectives of this systematic review. 

It is important to mention that the statistical aggrega-
tions used in Table 4 are purely descriptive because of the 
high heterogeneity of the datasets involved in the re-
viewed studies, the type of features used, and validation 
procedures. As a result of high heterogeneity of the dataset 
sizes, types of features, and validation procedures, these  
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aggregated measures cannot be used as a direct bench-
mark comparison. In addition, because of the severe im-
balance between classes attrition. 
 
4.1. LSTM vs GNN Comparative Performance 

Table 3 summarizes evaluation metrices obtained 
from selected studies on application of LSTM and GNN. 
In the sampled literature, predictive performance of the 
models has high level of validity due to the characteristics 
of the dataset, validation procedures, and architectural in-
ductive biases. Accuracy values have been reported as 
high as 0.57 in early LSTM deep learning model deployed 
in an Open and Distance Learning dataset [2] and as high 
as 0.98 in more sophisticated deep -learning models on 
complex educational data [14]. The statistical aggregation 
summarized in Table 4 indicates a mean accuracy of 0.86, 
suggesting that deep learning approaches generally out-
perform traditional machine learning baselines previously 
used for attrition forecasting [9], [15]. The value of preci-
sion and recall also have comparatively high ranges, with 
the mean values of precision and recall as 0.91 and 0.92 re-
spectively. Studies employing relational graph modelling, 
particularly SIG-Net and dual-GNN frameworks, consist-
ently reported higher recall scores, reflecting improved 
sensitivity in identifying at-risk learners within socially 
connected learning environments [7], [12]. The result con-
firms the theoretical assumption that dropout behaviour 
spreads via interaction networks as opposed to individual 
temporal patterns emerging only [1], [10]. The average F1-
score of 0.89 also indicate a balanced classification perfor-
mance although the imbalance between the classes in at-
trition datasets as very strong [18], [24]. The average val-
ues of ROC-AUC is 0.89, which shows that the models 
have strong discriminatory abilities and that the deep-
learning approaches are already mature enough to predict 
educational analytics. 

The result helps to investigate which of the two pre-
dictive variables, relational breadth or temporal depth is 
more important. The data shows that while LSTMs 
measures the timing of "when" of attrition happens, GNNs 
better captures the "why" by modelling student-to-student 
relationship. The review also establishes that the inductive 
bias of the LSTMs on the chronological dependencies is 
most efficient in click-stream logs as indicated by Liu et al. 
[13], who had an ROC-AUC of 0.94. On the other hand, on 
platforms like MOOCs where peer communication is 
widespread, relational bias of GNNs is better. Roh et al. [7] 
utilized the SIG -Net (a GNN) to report an F1-score of 0.88, 
which proves that structural connectivity is an effective 
predictor of dropout contagion. Also, the study estab-
lished which method among the two, temporal sequenc-
ing and relational modelling, has a better predictive value 
in predicting learner attrition. The result shows that there 
is no consistent predominance between the two para-
digms, the comparative advantages are based on the struc-

tural features of the dataset and the contextual learning sit-
uations [25]. LSTM models proved to have consistent pre-
dictive performance when trained on sequential LMS click 
-stream and longitudinal patterns of engagement. Their 
gating systems were successful in capturing time-related 
dependencies that were relevant to the gradual disengage-
ment profiles, thus supporting previous results of sequen-
tial behavioural modelling in educational contexts [4], [16]. 

The comparative analysis of activity-decline trends 
has supported the fact that LSTM models are especially ef-
fective in identifying the progressive changes of behav-
ioural patterns before dropout events [13], [18]. On the 
other hand, GNN models showed better recall and sensi-
tivity measures in a situation where the relational interac-
tion data were present. Models like the SIG-Net model 
treat learners as nodes in interaction graphs and uses the 
message-passing and neighbourhood-aggregation mecha-
nisms to model the peer-influence effects [7], [26]. Experi-
mental data indicate that the contagious nature of disen-
gagement often spreads through network effects, and, 
therefore, graph-based research is more likely to produce 
improved minority-class classification [10], [20]. These are 
direct answers to the research question which was set out 
in the first part of the Section 2, that is the relative effects 
of temporal depth and relational breadth. Temporal mod-
els are good in the individual development of behaviour 
and the graph models are better at the collective structural 
behaviour; this shows that they complement each other 
and not competing. 

 
4.2. Discussion of Methodological Gaps 

The statistical summary presented in Table 4 shows a 
high Mean Accuracy of 0.86 but also a high Standard De-
viation 0.13, which indicates that there is a lot of incon-
sistency in how attrition is defined and measured in dif-
ferent institutions. This finding supports the critique by 
Takaki et al. [25], who proposed that the use of a single 
metric is inadequate when there is an imbalance in the 
data in the distance learning settings. This necessitates an 
urgent requirement of Explainable Artificial Intelligence 
(XAI) in such predictive models to ensure that the inter-
ventions are accurate, as well as transparent and ethical 
[10], [24]. 

Results further indicate strong mediation of the archi-
tectural success through the characteristics of datasets. 
Studies using a largely chronological click-stream log fa-
voured LSTM-based solutions, due to their inherent in-
ductive bias of sequential dependency modelling [16], 
[29]. On the other hand, the data sets that included collab-
oration networks, course relationships, or peer-interaction 
graphs had better performance when operated in GNN 
frameworks [5], [12]. The growing popularity of temporal 
graph networks highlights a new point of intersection be-
tween these paradigms of method. The studies of spatio-
temporal GNN have reported superior predictive robust-
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ness in heterogeneous datasets suggesting that the combi-
nation of both temporal memory mechanisms and rela-
tional aggregation reduce limitations related to isolated ar-
chitectures [11], [19]. This direction is in line with the 
larger developments in graph-learning studies, which 
have demonstrated scalability to other fields outside edu-
cation, such as recommender systems and scientific pre-
dictive tasks [21], [31]. 

Despite encouraging predictive outcomes, the sys-
tematic synthesis showed that there are still some method-
ological issues. To begin with, no standardized benchmark 
datasets exist, which does not allow making a direct quan-
titative comparison of studies, a problem also observed in 
larger machine learning evaluations [27], [28]. Second, 
evaluation metrics are inconsistently reported which lim-
its reproducibility and prevents aggregation of meta-anal-
yses. Although F1 -score and ROC-AUC were commonly 
provided, some of the studies only used accuracy 
measures, which may be inaccurate when it comes to class-
imbalance conditions [18], [24]. Also, explainability is an 
issue that is not yet resolved, especially with graph-based 
architectures, whose decision-making is not as transparent 
as sequential attention mechanisms. Explainable GNN 
methods are thus becoming a critical research agenda to-
wards ethical intervention systems [10], [24]. 

 
4.3. Explainability XAI in Temporal and Relational Models 

One of the major impediments to institutional adop-
tion of Deep Learning is the black box nature of these mod-
els [10], [24]. The differences between the two paradigms 
of explainable AI (XAI) are inherently different. Explaina-
bility in LSTM architectures is usually provided by tem-
poral attention mechanisms that indicate when the en-
gagement of a student started to worsen (e.g., indicating a 
particular week of missed assignments). In contrast, 
GNNs are based on structural explainers (including 

GNNExplainer) in order to detect critical edges and node 
effects, exposing who or what relational factors (e.g. a dis-
connected peer group) were causing the attrition risk [7], 
[27]. To intervene ethically, both the chronological trigger 
as detected by LSTMs and the contextual social trigger as 
detected by GNNs are needed by the institutions. 
 
5. Conclusion 

This systematic review validates transition from tra-
ditional Machine Learning to Deep Learning paradigms, 
namely LSTM and GNN, which has radically changed the 
dynamics of forecasting learner attrition in ODL settings. 
Through the synthesis of empirical evidence from 2021–
2026, a key finding identified in the research is that archi-
tectural effectiveness of data topology. LSTMs are the gold 
standard when it comes to single-temporal burnout trajec-
tories, whereas GNNs have better sensitivity to social net-
work and peer-influence dropouts. The line of research 
made a case for a hybrid spatio-temporal architecture as a 
more resilient system for heterogeneous LMS environ-
ments. Nonetheless, to transition these models beyond the 
confines of individual studies and into the general institu-
tional practices, four key obstacles need to be overcome, 
including standardizing benchmark datasets, cross-insti-
tutional testing, introducing XAI to establish ethical trans-
parency, and training models to operate in noisy data set-
tings. In conclusion, the convergence of temporal memory 
and relational aggregation represents the next phase of in-
telligent early-warning systems as illustrated in the con-
ceptual framework in Figure 4. properly match their 
model choice to their respective model of instruction, fo-
cusing on GNNs in collaborative models and LSTMs to 
forecast behaviour longitudinally. In so doing, the institu-
tions are able to harness the predictive power of Artificial 
Intelligence / Deep Learning in forecasting attrition and 
mitigating dropout rate of at-risk learners.
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