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Abstract—With the rapid growth of digital educational 
platforms, early prediction of student academic performance 
has become increasingly important for timely risk identification 
and effective instructional support. This study investigates the 
computational efficiency and predictive performance of various 
deep learning recurrent architectures for student performance 
classification based on time-series data of learning activities. 
Experiments are conducted using the Open University Learning 
Analytics Dataset (OULAD), where student interactions with 
the learning management system are transformed into 
multidimensional time series combining dynamic behavioral 
features and static demographic attributes. Multiple recurrent, 
hybrid, and attention-based models are evaluated in an early 
prediction setting across different stages of course progression 
using standard classification metrics and statistical significance 
testing. In addition to predictive performance, the 
computational cost of each architecture is systematically 
assessed in terms of training time, model complexity, memory 
usage, and storage requirements. The results indicate that while 
predictive performance across architectures is largely 
comparable, their computational demands differ substantially, 
highlighting the importance of cost–performance trade-offs. 
Based on these findings, the study recommends favoring simpler 
recurrent models that achieve competitive accuracy with 
significantly lower computational overhead for deployment in 
real-world educational systems. 
 

Keywords—recurrent networks, deep learning in education, 
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I. INTRODUCTION  
The modern education system is undergoing rapid 

transformation thanks to the widespread introduction of 
digital educational platforms and online courses. This process 
has intensified during the COVID-19 pandemic and the years 
that followed, when distance and hybrid learning formats 
became the main tool for interaction between teachers and 
students [1, 2]. The widespread use of virtual educational 
environments has led to the emergence of large amounts of 
data on student behavior: activity in Learning Management 
System (LMS), sequence of actions, engagement, task 
completion dynamics, and assessment results. This data 
opens up opportunities for building early prediction and 
student support systems capable of analyzing individual 
trajectories and identifying students at risk of low academic 
performance. 

Despite a significant amount of research and the 

availability of open educational datasets, the task of early 
prediction remains challenging. The main difficulties are 
related to the high individual variability of student behavior, 
the irregularity of time sequences, and the pronounced 
dependence of activity on time. Classical machine learning 
methods and statistical approaches are poorly adapted to such 
dynamic data structures, as they are unable to correctly 
account for long-term and local time dependencies. 

In this regard, recurrent neural networks and their modern 
variations, including bidirectional models, combining 
Convolutional Neural Network-Recurrent Neural Network 
(CNN-RNN) hybrids, and attention-oriented architectures, 
are of particular interest. These methods can extract complex 
temporal patterns and provide stable predictions on sequential 
data. However, the question remains: do complex 
architectures truly outperform simpler RNN models in this 
domain, or are the performance gains reported in the literature 
disproportionate to the actual complexity of the specific task 
within an LMS context? 
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The goal of this work is to conduct a comprehensive and 

objective analysis of various deep learning architectures for 

predicting academic performance on the Open University 

Learning Analytics Dataset (OULAD). The study aims to:

(1) Evaluate the ability of the student performance prediction 

of models, 

(2) Their ability to make early predictions with a limited 

temporal depth of input, 

(3) The practical applicability of models, considering their 

computational cost per performance.

This approach allows us not only to identify the most 

effective models for educational analytics tasks, but also to 

determine whether the differences between architectures are 

significant from a practical and statistical point of view, 

which is especially important when developing early warning 

systems in real educational environments, which is rarely 

taken into account when comparing and developing 

architectures.

The contributions of this study are fourfold. First, we frame 

student performance prediction as a cost–performance 

trade-off problem by jointly analyzing predictive accuracy 

and computational efficiency across recurrent neural 

architectures. Second, we empirically demonstrate 

diminishing returns of architectural complexity, showing that 

more complex recurrent and attention-based models do not 

yield statistically meaningful performance improvements 
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Analytics Dataset (OULAD), which has info on 32,593 
students who took 22 Open University courses between 2013 
and 2014 [11]. A range of online activities, including clicks 
on various resources within the Virtual Learning 
Environment (VLE), assignment submissions, test 
completions, and grade receipts, were used to characterize 
each student. The data covers the entire module period, 
allowing for a detailed study of student behavior dynamics 
throughout the course. The dataset is available at: 
https://analyse.kmi.open.ac.uk/open-dataset 

The data structure included the following tables: 
studentVLE with records of student activity in the virtual 
learning environment, studentAssessment with individual 
assignment results, assessments with assessment metadata, 
studentInfo with demographic information about students, 
and VLE with types of activities in the learning environment. 

B. Data Preprocessing 
The data preprocessing process involved several sequential 

steps to transform the raw tables into structured time series 
suitable for training deep learning models. 

All student activity records were aggregated by day, 
forming time series of variable length. Basic activity metrics 
were calculated for each student, including the total number 
of clicks in the VLE per day, as well as clicks by activity type, 
aggregated from the VLE table. Assessment metrics included 
the average score for assignments submitted on a given day, 
the total weight of assignments, the average late submission, 
and the number of assignments submitted. Additionally, 
derivative features were calculated based on sliding windows: 
the sum of clicks for the last 3 and 7 days, the exponentially 
weighted moving average of clicks with a span parameter of 
5, and the change in activity intensity from day to day. As a 
result, 21 temporal features were formed for each day of 
student activity. All models were trained using the same input 
representation, preprocessing pipeline, feature normalization, 
and padding strategy. No architecture-specific preprocessing 
was applied. 

Eight static features characterizing the demographic and 
educational characteristics of students were extracted from 
the studentInfo table. These features included gender, region 
of residence, level of education, age group, disability status, 
number of previous attempts to complete the course, number 
of credits, and multiple deprivation index. All categorical 
features were numerically encoded using LabelEncoder [12], 
with missing values filled with zeros. 

The final results of the students were converted into a 
binary classification, where class 1 represented successful 
completion of the course, combining the categories “Pass” 
and “Distinction,” and class 0 represented unsuccessful 
completion, combining the categories ‘Fail’ and 
“Withdrawn.” This allowed the task to be formulated as a 
binary prediction of academic performance. 

Analysis of the lengths of the time series showed 
significant variability, with a minimum length of 1 day, a 
maximum length of 286 days, an average length of 68.6 days, 
and a median of 54 days. To standardize the input data, a 
padding approach was used, in which sequences longer than 
the maximum length were truncated at the end, and sequences 
shorter than the maximum length were padded with zeros. 
The 95th percentile of the length distribution, which was 182 

International Journal of Information and Education Technology, Vol. 16, No. 8, 2026

2247

over simpler baselines within the studied LMS context. Third, 

we provide a systematic evaluation of early prediction under 

truncated time-series inputs, illustrating how predictive 

performance evolves across different stages of course 

progression. Finally, we offer practical insights for real-world 

deployment by identifying lightweight models that achieve 

competitive accuracy with substantially lower computational 

requirements.

II. LITERATURE REVIEW

The application of deep learning models demonstrates a 

wide variety of methods for solving this problem. Hybrid 

recurrent architectures show high results when working with 

data from LMS, where the temporal structures of student 

activity in the learning environment play an important role. 

For example, the Hierarchical Recurrent Neural 

Network-Bidirectional Long Short-Term Memory

(HRNN-BiLSTM) model, which uses behavioral factors 

from social networks, achieved an accuracy of 99.87% [3], 

significantly surpassing the results of classical machine 

learning models. Similar results were obtained when working 

with the OULAD dataset, where a hybrid of convolutional 

and bidirectional Gated Recurrent Unit (GRU) achieved 

97.48% [4].

However, architecture is not the only determining factor. 

The choice of optimizer can radically change the 

performance: switching from Adagrad to Adam increased the 

accuracy of GRU from 88% to 97.66% [5]. Equally important 

is the issue of early prediction. The Artificial Neural 

Network-Long Short-Term Memory (ANN-LSTM) model 

showed an increase in accuracy from 43% on the first day of 

observation to 72% by the 270th day [6], indicating the 

critical importance of the length of the historical window.

CNN proves to be effective even beyond classic computer 

vision tasks. When predicting student grades in regression 

mode, CNN achieved R² ≈ 0.84, outperforming BiLSTM and 

LSTM with attention mechanism [7]. Similarly, converting 

OULAD tabular data into a two-dimensional 

representation and then applying 2D-CNN yielded 88% 

accuracy [8]—higher than standard ML algorithms, despite 

the atypical method of working with data. We will use 

hybrids of CNN-LSTM to see if such a combination of 

architecture can improve performance, and if it does, is it 

really applicable by analyzing its cost to compute.

Generally, deep architectures demonstrate an advantage 

when working with text data and event sequences, while 

simple fully connected networks are competitive where the 

temporal structure is weak: Deep Neural Network (DNN)

achieved 94.2% versus 87.4% for Random Forest [9, 10].

Thus, the choice of architecture has to take into account the 

nature of the data: recurrent networks are effective with 

pronounced temporal dependencies, convolutional networks 

with structured features, including non-standard 

representations of tabular data, and hybrids of different layers 

are capable of capturing connections that basic recurrent 

models do not see.

III. MATERIALS AND METHODS

A. Dataset Description

For this study, we used the Open University Learning 



  

days, was used as the maximum sequence length. This 
approach ensured a balance between preserving information 
for 95% of students and computational efficiency. 

All features were normalized to ensure training stability. 
Standard scaler, which helps to correctly compare features 
with each other and minimize the impact of sudden surges in 
the data [13], was applied to temporal features using the 
formula: 

𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  =  𝑥𝑥 − 𝜇𝜇
𝜎𝜎

                                   (1) 

 
Standard scaler was applied independently to static 

features. Normalization was performed strictly on the training 
set, then the same parameters were applied to the test set to 
prevent data leakage. 

C. Formation of Training and Test Samples 
The final dataset consisted of 26099 students with 

complete data. The temporal data had a dimension of  
26099 × 182 × 24, the static data had a dimension of 26099 × 
8, and the target variable was an array of 26099 binary labels. 
The dataset was split into a training sample of 20879 students 
and a test sample of 5220 students in an 80/20 ratio using 
stratification by the target variable. The class balance was 
51.64% of successful students in both samples, which 
ensured the representativeness of the class distribution when 
evaluating the models. 

D. Assessment of Early Prediction Ability 
To systematically evaluate the models’ ability to predict 

student performance early on, four versions of the dataset 
were created with different lengths of time series. The first 
version included the last 45 days of activity, which 
corresponded to approximately 25% of the total course 
length. The second version contained the last 91 days, 
corresponding to 50% of the course. The third version 
included the last 136 days, representing 75% of the course. 
The fourth version contained the full sequence of 182 days. 
This approach made it possible to evaluate how accurately 
each architecture could predict a student’s final result using 
only partial information about their activity and performance 
during the course. 

After all stages of preprocessing, for each sequence length 
option, arrays of temporal features with dimensions 20879 × 
SQ × 24 were formed for the training sample and 5220 ×  
SQ × 24 for the test sample, where SQ is sequence length, 
which took values 45, 91, 136, or 182 depending on the 
dataset variant. This processed dataset became the input data 
for the deep learning models described in the next section. 

E. RNN Architectures 
The study examined architectures designed for processing 

sequential data. Each student is represented as a time series 
of weekly activity, which allows tracking the dynamics of 
engagement throughout the course. 

The basic models were the classic recurrent networks, 
LSTM, and GRU. Their popularity in time series tasks is due 
to their ability to capture long-term dependencies and 
changing behavior patterns. Additionally, their bidirectional 
versions, Bi-LSTM and Bi-GRU, were tested, which process 

the sequence in both directions to obtain a more complete 
temporal representation. Hybrid architectures combining 
convolutional/self-attention and recurrent layers were also 
tested. In such models, a one-dimensional convolution 
extracts local patterns, after which the recurrent layers 
integrate them into the temporal context. This combination 
makes it possible to capture both short-term dynamics and 
long-term trends. 

These architectures were chosen based on the hypothesis 
that explicit modeling of sequential data structures may offer 
an advantage over standard methods in the task of predicting 
academic performance. 

LSTM was originally introduced to solve the vanishing 
gradient problem present in earlier recurrent neural networks. 
The main idea behind LSTM is to explicitly separate the 
hidden state and the dedicated memory cell (Fig. 1). The cell 
carries information across time intervals, while three gates 
(input, forget, output) determine when to record, store, or pass 
information to the next layer [14]. This explicit long-term 
memory control mechanism makes LSTM particularly 
suitable for data where temporal relationships extend over 
long horizons, such as the dynamics of student engagement 
over many school weeks. In educational prediction tasks, 
LSTMs often outperform simpler feedforward architectures 
precisely because they do not rely on the assumption of 
temporal independence between weekly features. Therefore, 
LSTMs are widely accepted as a “classic” basic deep learning 
model for the problem of forecasting. 

 

 
Fig. 1. LSTM cell architecture. 

 

 
Fig. 2. GRU cell architecture. 

 
Gated Recurrent Units (GRUs) are a more compact 

alternative to LSTMs, proposed in 2014. Instead of 
maintaining a separate internal memory cell, GRU combines 
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where the parameters μ and σ were calculated only on the 

training sample. 



  

gating operations into only two key elements: an update gate 
and a reset gate (Fig. 2). This reduces the number of 
parameters compared to LSTM, which often results in shorter 
training times on the same data and better generalization on 
small datasets, but performs worse in other scenarios [15]. 

In addition to the basic models, bidirectional BiLSTM and 
BiGRU architectures were implemented. Thanks to the 
ability of these systems to analyze time series in both 
directions (Fig. 3), both previous and  
subsequent dependencies between time steps can be taken 
into account [16]. This is particularly important when 
demonstrating inconsistent student behavior, as tasks 
performed later in the week may be related to earlier stages 
of learning. 

 

 
Fig. 3. Bidirectional recurrent network architecture. 

 
Hybrid CNN-LSTM and CNN-GRU models combine 

convolutional and recurrent neural networks to 
simultaneously analyze short-term and long-term patterns in 
sequential data. Convolutional layers apply trainable filters to 
the original time series, recognizing local patterns in student 
behavior over a short time interval. A subsampling operation 
placed after the convolutional layer reduces the 
dimensionality of the features and provides robustness to 
small temporal variations in the input data. The resulting 
high-level representations are sent to a recurrent block, which 
establishes relationships between subsequent stages of the 
learning process. This organization allows for the processing 
of sudden changes in activity through the convolutional layer, 
as well as the ability of the recurrent part to track extended 
trends in student behavior [17, 18]. 

Architectures with attention mechanisms modify standard 
recurrent structures by adding adaptive weighting of different 

 
The common components of all models were the last fully 

connected layer with ReLU activation, one recurrent layer, 
and one convolutional layer for hybrid models, Dropout  
0.3–0.4 layers, Layer normalization, which normalizes 
activations across the feature dimension [19] and, to stabilize 
gradients by normalizing activations across the batch 
dimension, Batch Normalization were implemented after the 
convolutional layer in hybrid models [20]. Two dense layers 
with ReLU activation functions, as shown in Eq. (2), are 
widely used in deep learning and demonstrate improved 
convergence compared to classical sigmoidal nonlinearities, 
as well as a sigmoid function for solving binary classification 
problems [21]. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥) = max(0, 𝑥𝑥)                           (2) 

All models use identical training settings to ensure a fair 
architectural comparison. Training parameters for all models: 
• Loss: Binary cross-entropy 
• Optimizer: Adam (learning rate = 1e-3, clipnorm = 1.0) 
• Metrics: Accuracy, Precision, Recall, ROC-AUC 
• Callbacks: EarlyStopping (monitor = val_loss, patience 

= 10, restore_best_weights = True), 
ReduceLROnPlateau (monitor = val_loss, factor = 0.5, 
patience = 5, min_lr = 1e-6) 

• Output: Dense(1, sigmoid) 
Table 1 shows the architecture of all models that were used 

for this study. 

 
Table 1. Architectures of models 

Model Temporal input branch Static input branch Fusion + classifier head 

LSTM LSTM(64, return_sequences=False) > LayerNorm > Dropout(0.3) Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

GRU GRU(64, return_sequences=False) > LayerNorm > Dropout(0.3) Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

BiLSTM Bidirectional(LSTM(64, return_sequences=False)) > LayerNorm > 
Dropout(0.3) 

Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

BiGRU Bidirectional(GRU(64, return_sequences=False)) > LayerNorm > 
Dropout(0.3) 

Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

CNN-
LSTM 

Conv1D(64, k=5, same, ReLU) > BatchNorm > 
MaxPool1D(pool=2) > Dropout(0.3) > LSTM(64, 

return_sequences=False) > LayerNorm > Dropout(0.3) 

Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

CNN-
GRU 

Conv1D(64, k=5, same, ReLU) > BatchNorm > 
MaxPool1D(pool=2) > Dropout(0.3) > GRU(64, 

return_sequences=False) > LayerNorm > Dropout(0.3) 

Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

Attention-
LSTM 

Bidirectional(LSTM(64, return_sequences=True)) > Dropout(0.3) > 
MultiHeadAttention(heads=4, key_dim=32, dropout=0.2) (self-attn) > 

Residual Add > LayerNorm > GlobalAvgPool1D > Dropout(0.3) 

Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(128, ReLU) > 
Dropout(0.4) > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 

Attention-
GRU 

Bidirectional(GRU(64, return_sequences=True)) > Dropout(0.3) > 
MultiHeadAttention(heads=4, key_dim=32, dropout=0.2) (self-attn) > 

Residual Add > LayerNorm > GlobalAvgPool1D > Dropout(0.3) 

Dense(32, ReLU) > 
Dropout(0.3) 

Concatenate > Dense(128, ReLU) > 
Dropout(0.4) > Dense(64, ReLU) > 
Dropout(0.4) > Dense(1, Sigmoid) 
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moments during the formation of the final choice. A 

multi-head attention mechanism determines the importance 

of coefficients for each step in the input sequence, allowing 

the model to selectively focus on the defining steps of an 

individual student’s learning process. In contrast to classical 

recurrent networks that sequentially process input data with 

the risk of signal degradation in later steps, the attention 

mechanism establishes a direct connection between all time 

positions. In this experiment, Attention-RNNs combine 

bidirectional recurrent processing to form contextual 

embeddings with multi-head attention to selectively connect 

information from different temporal domains. 



  

F. Learning Procedure and Assessment Metrics 
The experiments were conducted on the Google Colab 

platform using the T4 TensorFlow Keras graphics processor. 
All models were trained with the same hyperparameters: 
batch size of 256, Adam optimizer, and binary cross-entropy 
loss function [5, 17]. The maximum number of epochs was 
set to 50, which seems optimal in the case of a small training 
dataset and a big batch size. 

Each architecture was trained separately on data from each 
segment, which made it possible to track the dynamics of 
prediction accuracy as information about the student 
accumulated. 

Notations: True Positive (TP) is a correctly predicted 
positive result, True Negative (TN) is a correctly predicted 
negative result, False Positive (FP) is a negative case 
predicted as positive, and False Negative (FN) is a positive 
case predicted as negative. 

The evaluation was performed on a pre-separated test 
sample using the most common metrics in classification 
tasks: Accuracy, Precision, and Recall, which are shown in  

compare architectures with each other and determine at what 
stage of the course acceptable prediction quality is achieved. 

𝐴𝐴𝐴𝐴𝐴𝐴. =  𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

 ∈ [0,1]                       (3) 

   𝑅𝑅𝑅𝑅𝑅𝑅. =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 ∈ [0,1]                           (4) 

   𝑃𝑃𝑃𝑃𝑃𝑃. =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 ∈  [0, 1]                          (5) 

Based on the above metrics, the F1-score is calculated, 
which attempts to account for accuracy in situations where 
classes are unbalanced, focusing on the accuracy of positive 
predictions and actual positive records [23]. The formula of 
F1 is shown in Eq. (6) below. 

𝐹𝐹1 =  2×𝑃𝑃𝑃𝑃𝑃𝑃.×𝑅𝑅𝑅𝑅𝑅𝑅.
𝑃𝑃𝑃𝑃𝑃𝑃.+ 𝑅𝑅𝑅𝑅𝑅𝑅.

 ∈  [0, 1]                            (6) 

Also, another important metric that is popular to use for 
classification problems is Area Under the Receiver Operating 
Characteristic Curve (ROC-AUC). 

The ROC curve is constructed based on the true positive 
rate and false positive rate at different classification 
thresholds. TPR is plotted on the Y-axis, and FPR is plotted 
on the X-axis. The curve shows how the relationship between 
sensitivity and specificity changes as the threshold value 
changes [24]. 

AUC is the area under the ROC curve. The AUC range 
covers from 0.5, when the model essentially just guesses, to 
1.0, when the model predicts perfectly [24, 25]. 

The statistical significance of differences between models 
was assessed using the McNemar’s criterion, using paired 
predictions on the same data. For each pair, a 2 × 2 
contingency table was constructed based on correct and 
incorrect answers [26]. The use of the McNemar’s test 
ensured the reliability of the results. Paired comparisons were 
used for a qualitative assessment of the significance of 
differences, rather than to establish a strict global ranking of 

architectures.  

G. Computational Cost Assessment 
To evaluate the computational efficiency of each 

architecture, we selected four metrics that will be used: 
training time, number of parameters, saved model size, and 
memory consumption during training. These metrics 
characterize multiple aspects of resource consumption and let 
us compare models no matter of prediction performance. 
Time to train was evaluated as the duration of a complete 
training under identical conditions [27]. It allows for 
comparison of recurrent models with different architectures 
and numbers of layers. The number of parameters and model 
size shows the complexity of the structure and requirements 
for disk space for saving and loading the model [27, 28]. 
Memory consumption was recorded as the average value used 
during training, which is a critical parameter when working 
with limited computing power [29]. All these metrics will 
provide us with a more complete understanding of 
computational cost and assess how effective it is to 
implement such architectures in real educational systems. 

IV. RESULT AND DISCUSSION 

A. General Characteristics and Quality Assessment of 
Models 

 

 

 

 
 

Table 2. Metrics score on the full length of the dataset 
Model Accuracy F1-Score Precision Recall AUC 
LSTM 0.9000 0.9091 0.8569 0.9681 0.9514 
GRU 0.8983 0.9072 0.8581 0.9622 0.9512 

BiLSTM 0.9040 0.9115 0.8704 0.9566 0.9522 
BiGRU 0.9015 0.9098 0.8632 0.9618 0.9525 
CNN-
LSTM 0.9021 0.9093 0.8715 0.9507 0.9549 

CNN-
GRU 0.9010 0.9087 0.8670 0.9547 0.9540 

Attention
-GRU 0.9038 0.9125 0.8609 0.9707 0.9592 

Attention
-LSTM 0.9034 0.9123 0.8591 0.9726 0.9601 

 
To show the dynamic of how fast models train and become 
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Eqs. (3)–(5), respectively [10, 22]. This makes it possible to 

After all architectures have been tested for the early 

prediction of student performance. All accuracy results were 

in a diapason of 89.97–91.03%, which is shown in Table 1. 

All models have shown the same efficiency: the difference 

between the best result and worst is 0.0057 points, which 

suggests that the data has consistent and pronounced effects 

in the behavioural data of students, which are being extracted 

very similarly by all recurrent, hybrid, and 

attention-implemented architectures. In Table 2, it is shown 

that on the full length of time-series, bidirectional and 

attention-based architectures have shown the highest results 

in accuracy and F1-score, but still, all models show a 

minimum difference in metrics. Pairwise McNemar’s tests 

were conducted across all eight recurrent architectures to 

assess differences in error patterns on the same test instances. 

With the exception of a single marginal comparison (GRU vs 

BiLSTM, p = 0.044), no statistically significant differences 

were observed. Importantly, this isolated result does not 

remain significant after correction for multiple comparisons, 

indicating that the evaluated architectures exhibit highly 

similar error distributions.



  

stable, a graph of the AUC dynamics (Fig. 4) was plotted over 
the full dataset. The graph clearly shows that the models 
quickly pick up on student behavior patterns and quickly stop 
learning. All models spent less than half of the assigned 
epochs reaching the limiting metric values and starting to 
overfit. It may be due to the overly aggressive feature 
engineering or of the OULAD itself, which already consisted 
of clear, non-noisy data. 

 

 
Fig. 4. Validation AUC dynamic on the full length of the dataset. 

 

Fig. 5. Training loss dynamic on full-length dataset length. 
 

 
Fig. 6. Validation loss dynamic on full-length dataset length. 

 

  

 
 

B. The Influence of Time Sequence Length on Prediction 
Quality 

Results of experiments on all four variants of series length 
are shown in Table 3. Even when using only 25% percent of 
full length model, achieve 89.75% accuracy score, proving 
the feasibility of early prediction and intervention. As the 
sequence length increased, the quality improved very 
slightly: the increase of accuracy from 45 to 182 days for 
BiGRU is only 0.4%, showing diminishing impact of 
additional weeks of active accumulation. Interestingly, the 
maximum result for BiLSTM pf 91.03% was on 136 days of 
length of the time-series, while accuracy decreased slightly, 
suggesting the growth of noise in the later stages of the 
course. 

 
Table 3. F1-score of models on all 4 time segments 

Model 45 days 91 days 136 days 182 days 
LSTM 0.9022 0.9112 0.9116 0.9091 
GRU 0.9044 0.9092 0.9108 0.9072 

BiLSTM 0.9062 0.9107 0.9167 0.9115 
BiGRU 0.9071 0.9115 0.9092 0.9098 
CNN-
LSTM 0.9006 0.9005 0.9079 0.9093 

CNN-GRU 0.9005 0.9076 0.9141 0.9087 
Attention-

LSTM 0.9024 0.9141 0.9146 0.9123 

Attention-
GRU 0.8993 0.9071 0.9167 0.9125 

 

C. Computational Efficiency of Models 
For a more comprehensive evaluation, a computational 

analysis was conducted (Table 4). The variation in resource 
consumption was much greater than in prediction quality: 
 The number of parameters ranged from 23,969 GRU to 

141,089 LSTM with attention mechanisms, 
 training time ranged from 52.3 to 195 seconds, 
 model size ranged from 0.33 MB to 1.71 MB. 

 
 

     
     

     
     

     
     

     

     

     

 
This demonstrates that, while delivering comparable 

performance, different architectures differ significantly in 
their operational requirements. In resource-constrained 
environments, preference may be given to simpler 
architectures, which provide similar performance at 
significantly lower computational cost. 

D. Early Prediction Perspective 
Early prediction is implemented through truncated 
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Using the same data split, preprocessing pipeline, and 

training protocol as in the main experiments, we also trained 

three representative architectures (LSTM, CNN-LSTM, and 

Attention-LSTM) in order to analyze convergence behavior. 

We also recorded the training history in order to plot 

training/validation curves (Figs. 5 and 6). There is no 

discernible generalization benefit of the more sophisticated 

architectures over the baseline LSTM, and the curves exhibit 

fast convergence during the first 10 to 15 epochs before 

plateauing. The attention-based model needed a increased 

architectural complexity (141k parameters and 186 s training 

time against 29k parameters and 85 s for LSTM), 

even if the validation performance was comparable 

(AUC = 0.956–0.962 and F1 = 0.913–0.919). These findings 

provide credence to the idea that, in this context, greater 

architectural complexity results in declining returns.

Table 4. Computation metrics

Model
Time to 

train (sec)

Parameters 

count

Model 

size (MB)

Memory 

usage (MB)

LSTM 54.6 s 29,473 0.39 4839

GRU 52.3 s 23,969 0.33 4838

BiLSTM 81.2 s 56,481 0.71 5197

BiGRU 89.9 s 45,473 0.58 5196

CNN-LSTM 71.8 s 47,713 0.61 5252

CNN-GRU 67.2 s 39,649 0.52 5556

Attention-

LSTM
185.1 s 141,089 1.59 5742

Attention-

GRU
195.0 s 130,081 5742 1.59



  

sequences of interactions that reflect partial progress in the 
course. The practical value of such predictions lies in the 
timely support of students (consultations, tutoring) to prevent 
dropouts. At the same time, the cost of error in the early stages 
is asymmetric: a “false positive” result only leads to excessive 
support, while a “false negative” means a missed opportunity 
to help. Thus, early prediction models are not considered as 
definitive predictors, but as decision support tools, where 
priority is given to completeness (recall) and stability when 
working with incomplete data. 

E. Generalisability and Limitations 
The study is limited to OULAD data, which reflects the 

specifics of one university and a specific LMS. This allowed 
for a systematic comparison of architectures but limits the 
transferability of conclusions to other educational 
environments with different interaction patterns. The results 
should be considered in the context of LMS analytics rather 
than as universal patterns. To confirm the reliability of the 
identified cost-effectiveness patterns, verification using data 
from other educational institutions is necessary. 

V. CONCLUSION 

 
The consistently high performance observed across all 

evaluated architectures, ranging from basic RNNs to complex 
attention-based models suggests that the predictive signal is 
primarily driven by the underlying feature engineering rather 
than specific model heuristics. Our empirical results 
demonstrate that while complex models like Attention-LSTM 
involve a significantly larger parameter space (141k vs. 29k 
for LSTM), they do not yield statistically significant gains. 
This indicates that the carefully designed temporal and static 
features effectively capture the variance in student 
engagement, leading to a performance plateau where 
architectural complexity offers diminishing returns. While a 
full ablation study of the feature set is beyond the scope of 
this paper, our results provide a clear baseline for the cost-
performance trade-off in the LMS context, where simpler 
models achieve competitive accuracy with lower 
computational overhead. 

It was clear that the resulting metrics and computational 
performance of the models exhibit significant differences. 
The number of parameters varied almost sevenfold, from 
23,969 for the base GRU to 141,089 for the LSTM with an 
attention mechanism. Training times varied by more than 

three times. These differences are crucial for practical 
educational analytics systems, where infrastructure resource 
requirements can be a limiting factor. Therefore, when 
deploying early risk group detection systems, preference 
should be given to models that provide an optimal balance 
between prediction quality and computational efficiency. In 
particular, light basic models with no modifications to GRU 
and LSTM demonstrate similar performance rates with 
significantly lower resource consumption, making them the 
most rational choice for such problems. 

Despite the high stability of the results, this study has 
several limitations. The OULAD dataset represents data from 
a single platform and covers a limited time period, which may 
reduce the generalizability of the models. Future work would 
help expand the experimental design to include multiple 
independent educational platforms, courses, and institutional 
contexts, and in examining the transferability of the trained 
models. An additional direction of development is the 
inclusion of a broader set of features—demographic, 
contextual, and behavioral—which will allow for a more 
complete description of risk factors. 
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In this study, we conducted a comprehensive experimental 

analysis of the performance of eight recurrent architectures 

for the task of early student dropout risk prediction based on 

OULAD data. The results demonstrate high model 

robustness: regardless of the time sequence length and 

architecture type, classification accuracy remained within the 

same range, with only minor differences in results. Statistical 

analysis using the McNemar test confirmed the absence of 

significant differences between the models, indicating that 

key student behavioral patterns are sufficiently 

pronounced to be reliably extracted by a wide range of 

architectures, including recurrent, convolutional-recurrent, 

and attention-based approaches. Metric trend plots showed 

that all models identified these patterns very early. Therefore, 

metric performance is not the determining factor when 

choosing an architecture for use in such tasks.
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