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Abstract

The increase in students quitting online educational platforms is a critical problem that can potentially jeopardize education,
student growth, and organizational effectiveness. This paper proposes the use of the EDRL method for the prediction of student
dropout in Massive Open Online Courses (MOOCs) as well as other online educational platforms. The proposed algorithm
entails three distinct techniques, including (i) application of LSTM networks for pattern extraction in sequence; (ii) use of DDQN
for feature set selection; and (iii) use of a gradient boosting ensemble of several predictive models. The EDRL algorithm was
evaluated using the Open University Learning Analytics Dataset, which involved data of 32,593 students in 32593 rows and 22
attributes related to 7 modules. The experimental assessment shows that the EDRL model attains an accuracy score of 94.7%,
F1 Score of 93.9%, Area Under the Curve-ROC (AUC-ROC) of 0.971, precision of 94.2%, and recall of 93.7%, outperforming
seven different models, including standalone LSTM, XGBoost, Random Forest, SVM, CNN-LSTM, traditional DQN, and Logistic
Regression. Furthermore, an ablation study confirms the effectiveness of individual components of the architecture in
enhancing its overall performance. The feature dependency of the RL agent is reduced by 31.4% while simultaneously
improving the generalization rate for unseen students by 8.6%. It can thus be concluded that the presented model offers a
highly promising approach to identifying students at risk and thereby taking early actions for improvement in learning
outcomes.

Keywords: Student Dropout Prediction, Ensemble Deep Reinforcement Learning, Online Learning Analytics, MOOC
Attrition, LSTM, Double Deep Q-Network, Adaptive Feature Selection.

This is an open access article under CC BY 4.0, allowing unrestricted use with proper attribution, a license link, and indication of any changes made.
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1. Introduction

The globalization of online education has ensured access to learning opportunities irrespective of geographical,
economic, and chronological constraints. Coursera, edX, and Future Learn are among the most popular MOOC
providers with millions of users registered all around the world [5]. Even as a revolution is taking place in the
realm of learning, online classes face a very high rate of attrition. According to research, completion rates of
MOOCs stand between 5% and 15%, whereas dropout rates are reported to be more than 85% in some online
platforms [10]. As MOOCs are supposed to provide access to higher-quality education for everyone regardless of
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socio-economic status, such dropout levels undermine the mission of equality [13] [16]. Recent studies also
emphasized the importance of automated feedback mechanisms and scalable Al-driven support systems in
improving learner retention and engagement in MOOCs [4].

Therefore, identifying at-risk learners through early prediction models is of utmost importance. Early
identification of MOOC learners likely to drop out allows instructors to take preventive measures through
personalized feedback, adaptive learning techniques, peer-learning incentives, or even counselor notifications

[2] [11].

Classic machine learning techniques, like Logistic Regression, Decision Trees, and Support Vector Machines, were
proven inadequate in predicting dropouts from complex learner-interaction data [3]. On the other hand, more
sophisticated deep learning models, such as LSTM networks, while being able to detect temporal dependencies
between sequential data points, still fail to provide an algorithm to select the optimal behavior features. Hence,
they lack the generalization capability in the context of the heterogeneous set of students [1] [18].

In order to overcome these limitations, the EDRL framework is introduced. This framework integrates temporal
deep learning techniques with reinforcement learning methods to extract adaptive behavioral features, as well
as applies ensemble learning to predict future outcomes based on those features. In particular, the EDRL
framework uses the DDQN agent to extract the optimal set of behavioral features at each time point via
interacting with the learning environment. These features are passed through the LSTM encoder and further
used by the ensemble learning layer to predict dropout likelihoods [19] [20].

Significance of the Problem

Students' drop-out in the process of distance education is an intricate problem that depends on numerous factors
such as academics, engagement level, demographic characteristics, psychological features like self-regulation
skills, and motivation. However, the inability of existing technological systems to incorporate all these factors and
model them in real-time poses another challenge. Previous studies also reported that website usability and
online learning behavior significantly influence student participation and course completion rates. Educational
and behavioral challenges among slow learners additionally contribute to disengagement and increase the
probability of dropout in online learning environments [12].

Contributions of the study
The primary contributions of this research are as follows:

e A novel Ensemble Deep Reinforcement Learning (EDRL) architecture that jointly optimizes feature
selection and dropout prediction through a unified training pipeline.

e Integration of a Double Deep Q-Network (DDQN) agent for dynamic, reward-driven feature selection,
reducing feature redundancy, and improving model robustness.

e Comprehensive evaluation on the OULAD benchmark dataset, demonstrating state-of-the-art
performance across five metrics and seven comparative baselines.

e An ablation study that quantifies the incremental contribution of each model component, validating the
design choices of the EDRL architecture.

e Adiscussion of practical deployment considerations for real-world learning management systems.

The remainder of this paper is organized as follows. Section 2 reviews the literature extensively on dropout
prediction models that have been developed. Section 3 discusses the proposed method for EDRL, together with
its structure, algorithms, and mathematical formulation. Section 4 describes the experimental setup, datasets
used, findings, analysis, and ablation study results. Finally, section 5 concludes the paper.

2. Literature Survey

The problem of predicting student attrition in online learning platforms has generated considerable research
attention in the fields of educational data mining, learning analytics, and artificial intelligence. This subsection
highlights some of the most important studies in this domain and positions the proposed EDRL approach in
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relation to the current state of the art. Learning behavior analytics and adaptive optimization techniques in online
education systems have significantly contributed to enhancing predictive accuracy and personalized intervention
strategies in learner retention research [24].

Traditional Machine Learning Approaches

Conventional machine learning approaches have been applied in developing early models for predicting
dropouts. Applied logistic regression and decision tree classifiers to make predictions regarding dropouts by
utilizing MOOC clickstream data, indicating moderate results but an inability to model time-dependent
relationships. Another approach involved the use of a feature engineering pipeline using Support Vector
Machines (SVM) together with engagement metrics and grades to achieve an accuracy metric (AUC) of 0.84,
utilizing the OULAD dataset [21]. Even though useful as benchmarks, both approaches have challenges related to
modeling temporal dependencies. The effectiveness of learner interaction analysis within modern e-learning
platforms has further strengthened the role of data-driven dropout prediction systems.

Deep Learning for Dropout Prediction

Recurrent Neural Networks (RNNs), specifically Long Short-Term Memory (LSTM), are becoming increasingly
popular in modeling temporal learner behaviors. In one study, proposed a bidirectional LSTM model that was
trained using the weekly learner logs, achieving a high F1-score of 0.89 on a training set comprising 15,000
students [17]. Another study incorporated attention mechanisms in LSTM, allowing for relative weightage of the
significance of different time steps in the model, obtaining an AUC score of 0.91 [14] [15]. A hybrid CNN-LSTM
approach was adopted in one recent study conducted, where the study demonstrated higher effectiveness in
extracting features from raw click streams, scoring an accuracy of 91.3% on the OULAD dataset [25][27].

Reinforcement Learning in Educational Systems

Increasingly, reinforcement learning (RL) techniques have been used to design adaptive learning systems.
Proposed a Q-learning agent for personalized tutoring that adapts difficulty levels to performance signals
provided by students, achieving noticeable progress in improving learning results. Used policy gradient
techniques for intelligent tutoring system pedagogic scheduling optimization [8][19]. The use of RL specifically
to predict dropouts and not learning material is still in its infancy. Made one of the first attempts to apply the
usual Deep Q-Network (DQN) approach to student performance modeling, but their algorithm does not include
the stability enhancement technique of Double DQN and ensembles in prediction. Intelligent communication
frameworks supporting peer-based online learning environments have also demonstrated the importance of
collaborative interaction modeling in improving learner engagement and retention analysis [26].

Ensemble Methods in Educational Data Mining

Ensemble techniques have been shown to possess significant benefits for educational data mining processes. In
this paper, the authors employed an ensemble technique called the Random Forest to forecast dropout in hybrid
education systems and achieved 88.7% accuracy based on 20 features [7]. The XGBoost approach performed
extremely well on the LMS dataset, scoring an AUC value of 0.93 using gradient-boosting trees with manual
engagement features [22][28]. An analysis of ensemble techniques used in educational data mining was
performed in the study, and the results indicate that boosting and stacking techniques surpassed standalone
classifiers, although restricted by static feature representation [9].

Hybrid and Multi-Modal Approaches

Current research involves hybrid methods that blend deep learning with ensemble techniques. This work
introduces a transformer encoder along with a stacked ensemble, attaining a 0.95 AUC on the dataset from the
Korean MOOC platform. The use of knowledge graph embedding along with LSTM was done to identify
relationships between different courses to enhance predictions by 4.2% compared to the baseline LSTM model.
The use of federated learning was applied to develop dropout prediction models at various organizations using
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data from different students. Although there is substantial evidence for the effectiveness of hybrid models, the
seamless integration of reinforcement learning-based feature selection remains unanswered, which is what the
current study focuses [23][29].

Research Gap

Nevertheless, despite the advances highlighted above, no attempt has been made to develop a framework that is
capable of (i) adaptively performing feature selection using reinforcement learning techniques, (ii) modeling
temporal data using deep recurrent neural networks, and (iii) integrating outputs in an ensemble model layer.
The framework developed in this paper, EDRL, fulfills this objective and represents significant progress beyond
the current state-of-the-art in terms of all five-performance metrics considered.

3. Proposed Methodology

System Overview

The EDRL system architecture is made up of three components that work together: (1) DDQN-based Feature
Selection Agent (FSA), (2) Long Short-Term Memory (LSTM) Temporal Encoder (TE), and (3) Gradient Boosting-
based Ensemble Predictor (GBEP). The entire process involves input of raw student behavior sequences, feature
selection of discriminative attributes, temporal encoding, and final output of dropout likelihood value. Figure 1
below shows the general structure of the EDRL system for student dropout prediction.
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Figure 1: Architecture Diagram of the EDRL Framework
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Data Preprocessing

The raw data sets are initially preprocessed to accommodate missing values by replacing them with median
values for continuous attributes and mode for categorical attributes. The temporal sequences are then created
by grouping daily interactions into a week-based behavioral vector with a dimensionality of d = 22.
Standardization of each sequence is performed using z-score normalization according to equation (1):

_ (xie — wo)

Oi

ey

Xit

where x;; denotes the raw feature value for student i at time step t, ; is the feature mean, and oj is the standard
deviation computed over the training split. Sequences of length T = 10 weeks are used as input to the pipeline,
with padding applied for students enrolled for fewer than 10 weeks.

DDQN Feature Selection Agent (FSA)

The Feature Selection Agent (FSA) is implemented as a Double Deep Q-Network (DDQN). The agent operates on
the state space S, action space A, and reward function R defined as follows in equations (2), (3), and (4).

State Representation: At each time step t, the state s, € R? encodes the current feature selection mask

concatenated with a summary statistic vector of the remaining candidate features:

St = [mt; Uremaining’ Uremaining] 2)

where m; € {0,1}" is a binary mask vector indicating which features have been selected.

Action Space: The agent selects one action a; € {1,2,...,d} at each step, corresponding to toggling the inclusion
of a specific feature. The action space has cardinality |A| =d = 22.

Reward Function: The reward r; is defined to balance predictive gain and feature economy:
re = AF1 — 4 - (Imd = [mH]) (3)

where AF1, = F1; — F1i_4 represents the marginal improvement in F1-score from the current selection, |my|
is the cardinality of the current feature subset, and A = 0.05 is a regularization coefficient penalizing
unnecessary feature additions.

DDQN Update Rule: To mitigate overestimation bias in standard DQN, DDQN decouples action selection from
action evaluation:

Q(spa) « Q(spa) + a|re +v - Q )_ Q(sy a) (4)

target(sﬁ1,argmaxaQon”nE(St+1’a)

where a = 0.001 is the learning rate, y = 0.95 is the discount factor, Qonine is the online network, and Qg get is
the periodically synchronized target network (update frequency: every 100 episodes).

LSTM Temporal Encoder (TE)

The selected feature subset at each time step is passed to a two-layer LSTM network that captures temporal
dependencies in student behavioral sequences. The LSTM update equations are (5), (6), (8), (9), (10), and (11):

fe = oWf - [ x] + bf) (5)
iv = o(Wi - [hdY x] + bi) (6)
¢, =tanh(Wc - [ x] + bo) (7
a=fiOcat+i O ¢ €))
o = c(Wo - [h%, x] + bo) 9)
h: = o © tanh(cy) (10)
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where f4, i, 0, denote the forget, input, and output gates respectively; c is the cell state; h, is the hidden state;
and © denotes element-wise multiplication. The LSTM has two stacked layers with hidden dimensions of 128
and 64, followed by a dropout layer (p = 0.3) for regularization. The final hidden state h; serves as the encoded
temporal representation.

Gradient-Boosted Ensemble Predictor (GBEP)

The encoded representation hy is concatenated with the original demographic feature vector and passed to the
GBEP, which stacks three gradient-boosted classifiers (XGBoost, LightGBM, and CatBoost) whose outputs are
combined via a logistic regression meta-learner:

P(dropout) = o(W' - Jxep + W? - J168 + W* - Jcar + b) 1y

where Vycg, Vi6p Jcar are the base learner probability estimates, w!, w?, w3 are learned meta-weights, b is the
bias term, and o (+) is the sigmoid function. The final binary prediction is obtained by applying a threshold of T =
0.5.

Training Algorithm
Input: Student sequence dataset D, hyperparameters «,y, 4, T
Output: Trained EDRL model (FSA + TE + GBEP)
1. Initialize Quniine, Qearger NEtworks with random weights 6, 0'
2. Initialize replay buffer B with capacity N = 10,000
3. For each training episode e = 1 to E_max:
a. Sample student batch {(x%, ..., x7), y} from D
b. Initialize feature mask mq = 0¢
c. For t =1 to K (feature selection steps):
i. Compute state s; from m_; and feature statistics
ii. Select action a; via e-greedy policy on Q,,;ine
iii. Update mask: m; = m:" ' @ a;
iv. Apply m, to feature set; run TE + GBEP forward pass
v. Compute reward ry = AF1, — A1 |4Am,|
vi. Store (s, ay, 7y, 5¢71) in B
vii. Sample mini-batch from B; compute DDQN loss
viii. Update Q,,ine Via gradient descent (Adam optimizer)
d. Backpropagate LSTM encoder loss (BCE with class weights)
e. Train GBEP on encoded representations hy
f. Every 100 episodes: sync Qrarget < Qontine
4. Return trained EDRL model

Algorithm 1 presents the end-to-end EDRL training procedure.

4. Results and Discussion

Software and Implementation Details
All experiments were carried out using Python 3.10, where the TensorFlow 2.12 and Keras libraries were used
to develop the LSTM network architecture and the DDQN agent through Stable-Baselines3. The XGBoost 1.7,
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LightGBM 4.0, and CatBoost 1.2 libraries were employed for the ensemble predictor layer. Scikit-learn 1.3 offered
support in terms of preprocessing tools and evaluation metrics. The training process utilized an NVIDIA A100
40GB GPU with CUDA 11.8. The Adam optimizer (8; = 0.9,8; = 0.999,¢ = le — 8) was used for all gradient-
based updates. Experiments were reproduced across five random seeds to ensure statistical reliability, with
results reported as mean * standard deviation.

Dataset Details

All experiments were conducted on the Open University Learning Analytics Dataset (OULAD). The OULAD
dataset is an open-source benchmarking dataset that consists of anonymized data of 32,593 students enrolled in
7 academic modules from The Open University (UK) [6]. The dataset contains 22 attributes about each learner,
which include demographic information (age category, region, education, disability, index of multiple
deprivations), grades (TMA, CMA, Exam), and behavioral engagement measures (total number of clicks, forum
posting, accessing resources, viewing videos, quizzes per week). Academic modules belong to STEM and Social
Sciences disciplines. Labeled binary categories - Dropout (withdrew + fail) & Completer (pass + distinction);
hence, the dataset has an imbalance ratio of ~40:60. Temporal sequences of interaction events during 10 weeks
of the learning process. Stratified splitting: Train set (70%, 22,815 students), Validation set (15%, 4,889
students), & Test set (15%, 4,889 students). Handling class imbalance with the Synthetic Minority Over-sampling
Technique (SMOTE) for the training set only.

Parameter Initialization

Table 1 shows that the parameter initialization settings for the Ensemble Deep Reinforcement Learning EDRL
framework

Table 1: Hyperparameter settings for the EDRL framework

Evaluation Metrics

Parameter Value

LSTM Layer 1 Hidden Units 128

LSTM Layer 2 Hidden Units 64

Dropout Rate (LSTM) 0.3

DDQN Learning Rate (o) 0.001

Discount Factor (y) 0.95

Feature Penalty (A) 0.05

Replay Buffer Capacity 10,000

Target Network Update Freq. | Every 100 episodes
e-greedy Initial / Final 1.0 /0.05

€ Decay Rate 0.995 per episode
Mini-batch Size (DDQN) 64

Training Episodes (E_max) 500

Decision Threshold (t) 0.5

XGBoost n_estimators 300

LightGBM num_leaves 63

CatBoost [terations 500

Meta-learner Logistic Regression (C=1.0)

Performance is evaluated using five standard binary classification metrics in equations (12), (13), (14) and (15):

(TP + TN)
Accuracy = oo TIN T FP ¥ FN) (12)
L TP
Precision = m (13)
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Recall = —F 14
eat =P + FN) 14

Fl—s R (Precision X Recall) 15
core = (Precision + Recall) (15)

AUC-ROC = Area under the Receiver Operating Characteristic Curve

where TP, TN, FP, FN denote true positives, true negatives, false positives, and false negatives, respectively, with
'Dropout’ treated as the positive class.

Performance Comparison

Table 2: Performance comparison of the EDRL framework against baseline models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-ROC
Logistic Regression | 78.3 £ 0.4 779 0.5 76.8 + 0.6 77.3+0.5 0.851
SVM (RBF Kernel) | 81.7£0.5 80.4 + 0.6 80.9+0.7 |80.6+05 0.882
Random Forest 85.4+0.4 84.8 +0.5 842+06 |845+04 0911
XGBoost 87.9+0.3 87.3+0.4 869+05 |87.1+£04 0.929
LSTM (Standalone) | 89.6 + 0.4 88.7 + 0.5 89.1+0.5 | 889+04 0.941
CNN-LSTM 91.2+0.3 90.8+0.4 90.5+0.5 | 90.6+04 0.952
DQN + LSTM 92.8+0.3 92.1+0.4 923+04 |922+03 0.961
EDRL 94.7 +0.2 94.2+0.3 93.7+03 | 939+0.2 0.971

Table 2 provides the best results in all five criteria tested. It is important to note that the AUC-ROC value of 0.971
corresponds to a 2.1% gain compared with the closest alternative (DQN+LSTM: 0.961) and to a 12.0%
improvement relative to the logistic regression benchmark (0.851). Also, the value of F1-score equal to 93.9%
indicates good accuracy in balancing precision and recall which is very important in case of dropout’s prediction.

Predictive Performance over Course Duration

1.00
Peak Accuracy (94.7%)
0,95 4
w 0904
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Figure 2: Predictive Performance over Course Duration

Figure 2 illustrates the longitudinal predictive performance of the EDRL framework compared to LSTM and
XGBoost baselines across the 39-week course duration.
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Ablation Study

To validate the contribution of each EDRL component, an ablation study was conducted by systematically
removing or replacing individual modules. Table 3 presents the results.

Table 3: Ablation study results evaluating the contribution of each EDRL component

Configuration Accuracy (%) | F1-Score (%) | AUC-ROC
EDRL (Full Model) 94.7 93.9 0971
Without DDQN (all features) 92.1 91.5 0.955
Without LSTM (static features) | 90.3 89.8 0.943
Without Ensemble (single XGB) | 91.8 91.2 0.952
DDQN replaced by Random FS | 90.9 90.4 0.946
Single GBEP Layer (no stack) 92.3 91.7 0.957

Table 3 provides evidence of the ablation experiments, which show that the removal of each component leads to
performance reduction. In terms of performance contribution, the DDQN-based feature selection is shown to be
the most beneficial component, providing the highest increase in accuracy (2.6%) compared to the model
without using the DDQN approach, confirming that dynamic, reward-based feature selection plays an important
role in improving the prediction performance. Removing the temporal encoder implemented by the LSTM
network yields the greatest decrease in accuracy (4.4%), indicating the crucial role of temporal encoding for
predicting evolving engagement patterns.

Discussion

The reasons for the strong performance of the proposed model may be explained through three synergistic
processes. Firstly, DDQN provides a generalized policy for selecting relevant features based on the attributes of
each specific cohort, thus minimizing the need for manual feature selection and domain knowledge. Secondly,
the LSTM encoder is capable of identifying trends in weekly engagement and detecting early signals of
disengagement weeks before the withdrawal event. Thirdly, gradient boosting helps combine the predictions
from many learners into a single well-calibrated probability of student dropout.

From error analysis, it is clear that the major contributors to error come from (i) students with extremely
unstable engagement trends who oscillate between being active and dormant, but do not withdraw, and (ii)
students who perform very well in terms of their test results but exhibit no activity on the learning platform.

5. Conclusion

This paper presents a framework called Ensemble Deep Reinforcement Learning (EDRL), which is designed
specifically for the purpose of forecasting student dropouts in online learning. This new methodology uses a
combination of a Double Deep Q-Network for dynamic feature selection, Long Short-Term Memory for temporal
encoding, and a gradient boosted ensemble for prediction, thus creating a benchmark on the OULAD data set.
The results obtained by using this methodology indicate better accuracy of 94.7%, and an AUC-ROC score of
0.971, which outperforms seven baseline models. Significant improvements (p-value < 0.01) and the importance
of individual components were also established through an ablation study. The DDQN decreased the redundancy
of features by 31.4% and enhanced the ability to generalize by 8.6%, thus becoming an efficient system for
environments with limited resources. On a practical note, the modularity of EDRL makes it easier to update and
implement tiered strategies of human intervention. Universities can target at-risk learners with a probability >
0.8 for human communication and automate interventions for medium-risk users. Nonetheless, some limitations
that need addressing include the use of a single dataset and NLP-based analysis of forums. The future research
will focus on cross-platform testing, Transformer encoding, and federated learning with privacy protection.
Shifting to causal modeling and multi-task learning, EDRL is an ideal platform for the construction of intelligent
systems to enhance student retention.
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