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ABSTRACT — Online learning provides numerous benefits and has become increasingly popular in recent years. However,
the dropout rate in these learning environments is very high and thus represents a major issue for educational institutions.
Early identification of students who are likely to drop out enables educators or course providers to offer appropriate support
and improve student engagement. Some existing approaches for predicting student dropouts are based on traditional machine
learning or deep learning techniques. However, unique characteristics of Massive Open Online Courses (MOOC) data pose
significant challenges for effective dropout prediction. This work proposes a deep learning-based method, called DP-SCL, for
the student dropout prediction. The proposed method applies a supervised contrastive learning method in which a shared
encoder with Long Short-Term Memory and Multi-Head Attention layers is trained using supervised contrastive loss.
Experimental results on two datasets from different educational platforms demonstrate the strength of the proposed model
compared with twelve baseline methods. The source code of DP-SCL can be directly downloaded from our github page
https://github.com/dvt-phong/DP-SCL.
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I. INTRODUCTION

Massive Open Online Courses (MOOCs) have become increasingly popular and are now widely adopted across
educational institutions. Students in universities or learners around the world can access thousands of online
courses at low cost or even for free [1]. Despite these advantages, one of the major concerns in MOOCs platforms
is the extremely high dropout rates which can reach up to 90% in many courses [2]. This leads to a waste of
resources and requires better tools for monitoring learning activities of students [2], [3]. Thus, student dropout
prediction, which allows universities to provide timely support for learners is a crucial task to improve
educational quality in online environments. However, characteristics of online learning data, such as imbalance,
noise, and diversity, pose significant research challenges.

Some initial student dropout prediction methods in online courses are mainly based on traditional machine
learning techniques. Kloft et al. [4] employed the Support Vector Machine (SVM) method to predict student
dropout risk in MOOCs. The method utilizes history features to capture changes in students’ behavior over weeks,
and adopts a soft margin mechanism to tolerate misclassification in complex cases. DT-ELM [5] is a hybrid
algorithm for the student dropout prediction which combines decision tree and extreme learning machine
techniques. In the method, Decision Tree (DT) provides the ability to select features based on its tree structure
and weighting mechanism.

Several ensemble learning techniques such as AdaBoost and XGBoost [6] are also applied for the dropout
prediction. Those methods sequentially combine multiple models to build a stronger predictive model and
achieve more accurate predictions. AdaBoost trains the models sequentially, where higher weights are assigned
to misclassified samples so that subsequent models focus more on correcting the errors made by previous ones.
The final prediction is then determined based on a voting mechanism. Otherwise, XGBoost [6] operates in a similar
manner but constructs a series of decision trees, where each new tree attempts to correct the errors of the
previous trees by optimizing a loss function. MMSE [7] is a stacking ensemble method with the combination of
different models for the dropout prediction. One limitation of these methods is their limited ability to capture the
temporal patterns in activity data of students leading to reduced prediction performance.

The advance of deep learning methods brings promising solutions for the student dropout prediction in online
courses. The work of Mubarak et al. [8] applies the Long Short-Term Memory (LSTM) model which is able to
capture behavioral information of students on online systems through its memory cell mechanism, enabling the
model to learn complex features. Xiong et al. [9] treats the task as a time series prediction problem and applies a
model based on LSTMs and RNN for its classification process. Otherwise, the method uses optimization techniques
to find better prediction results. MFCN-VIB [10] employs three parallel Fully Convolutional Networks (FCNs) with
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different kernel sizes to extract features from learning behavior time-series data from student activities on online
systems. This enables the model to capture both long-term trends and short-term fluctuations.

A group of methods combines CNN and Recurrent Neural Networks (RNN) or LSTM for the student dropout
prediction in MOOCs. The work of Niu et al. [11] proposes a deep learning approach that combines Convolutional
Neural Networks (CNN) and RNN architectures. While CNN is employed to extract features from daily learning
activities of students, RNN is used to capture temporal changes in their behaviors to support dropout probability
prediction. CNNAE-LSTM [12] leverages a CNN-based autoencoder to extract feature representations, and then
the latent embedding is subsequently passed to the CNN decoder and the LSTM for final prediction. The work of
Talebi et al. [13] also employs a combination of CNN and LSTM modules. However, it integrates ensemble learning
strategies, including boosting, AdaBoost, and voting, to fuse outputs of the two models and thus enhance
prediction performance.

Some other student dropout prediction methods utilize the strength of CNN and BiLSTM. Among the methods,
CLSA [14] uses a CNN for feature extraction, followed by a BiLSTM to model temporal relationships. A static
attention module is then employed to focus on important features. The study of Zheng et al. [15] also employs a
CNN to extract data representations, followed by a self-attention mechanism to emphasize important features.
The resulting features are then passed through a BiLSTM to capture bidirectional temporal relationships
supporting the classification.

Graph neural network-based models are also applied for the dropout prediction such as SDP-GAT-KLA [16], MST-
GCN [17], SIG-Net [18]. SDP-GAT-KLA is a method that constructs a bipartite graph to model student and course
relationships. The method then employs a Graph Attention Network to learn data representations. Furthermore,
to address the class imbalance in the dataset, the authors propose a KNN Link Augmentation strategy which
creates additional links between students with similar characteristics. MST-GCN constructs a series of
heterogeneous graphs for snapshots. Each snapshot captures information about students, courses, and learning
objects at a specific stage of the learning process. The model learns from these snapshots to capture relational
information to generate data representations supporting prediction of the probability of student dropout. SIG-
Net is another GNN-based approach for MOOCs dropout prediction which builds a student interaction graph
consisting of three types of nodes representing enrollment, object, and course. The model applies relational graph
convolutional networks to learn embeddings from subgraphs generated at different time intervals and generate
classification results.

In the fields of image recognition and text classification, contrastive learning has become a promising approach
for learning high-quality feature representations. In particular, supervised contrastive learning can learn better
feature representations by bringing samples from the same class closer together and separating samples from
different classes, even when the data are imbalanced. However, the potential of supervised contrastive learning
for the student dropout prediction in MOOCs has not been fully explored.

This work proposes a student dropout prediction method in online courses, called DP-SCL, which is based on
supervised contrastive learning techniques. The proposed method aims to learn features using a shared encoder
implemented by Long Short-Term Memory and Multi-Head Attention layers. A supervised contrastive loss is
employed to jointly optimize the model, supporting better classification performance. Experiments conducted on
two real datasets show the strength of the proposed method compared with baseline methods. The details of the
proposed method are presented in Section II. The experimental findings are presented and analyzed in Section
111, followed by concluding remarks in Section IV.

II. METHODS

A. PROBLEM FORMULATION

Consider a MOOC platform with a set of students S and a set of courses C, where s € S denotes a student and c € C
denotes a course. Let (s, c) denote an enrollment of a student s in a course c. For each enrollment (5, c), the system
records the F activities of the student in the course over T days, e.g., watching videos, completing assignments,
accessing documents, and participating in forums. The entire activity sequence of an enrollment (s, c¢) is
represented as a matrix X € R7*F, In which, x,s € X, t € [1...T],and f € [1 ... F] denotes the frequency of activity
fonday t.

For each enrollment, the platform records a learning outcome label y; € {0, 1} as follows:

yi={1, if student s; drops out from course c;; 0, if student si completes the course ci}.
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Given the dataset D = {(X;, y;)}\_,, in which N is the number of enrollments, the objective is to learn a mapping
function fp: RT*F — [0,1] parameterized by 6, such that for each input X; the function fs predicts the dropout
probability: 9; = fp(X;) € [0,1].

The goal of this task is to predict the probability that a student s; will drop out of a MOOC course ci, based on their
activity sequence during T days. The final predicted label is determined by a threshold §:

yitess = 1[y; = 6.

B. PROPOSED METHOD

The proposed method first applies data augmentation to generate two augmented views. These views are passed
through a shared encoder, constructed by LSTM, Multi-Head Attention, and Attentive Pooling, to generate feature
representations. The extracted features are then fed into a projection head before being used to compute
supervised contrastive loss. Simultaneously, the output from the encoder is passed through a classifier to predict

the dropout probability, optimized using BCE Loss. An overview of the DP-SCL architecture is presented in Figure
1.
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Figure 1. Overview of the DP-SCL architecture

1. DATA AUGMENTATION
This work applies augmentation techniques to each data sample X using three stochastic techniques as follows:

Time Masking: Each day t € {1, ..., T} has a probability p: of having its entire feature vector masked, simulating
a day when the student has no activity on the platform: %,, = m;x,.. Here m: = 0 with probability p: and m. = 1
with probability 1-p..

Feature Masking: Each activity type f € {1, ..., F} has a probability ps of being entirely masked along the temporal
dimension, simulating a scenario where certain activities are not recorded: ¥, ; = mex.;. Here my = 0 with
probability prand ms= 1 with probability 1-py.

Gaussian Noise: After masking, a small amount of noise is added to each element of the feature matrix X to
increase the diversity of the views: X, r = X, + £ . In this setting, the noise is independently sampled for each
element x; ;.

This work generates views X(¥) using time masking and Gaussian noise, and X using feature masking and
Gaussian noise.

2. SUPERVISED CONTRASTIVE LEARNING
Two views X(X) and X@ are fed into an encoder which consists of three sequential processing layers:

Layer 1 - LSTM: The input sequence X € R™F (v € {1,2}) is passed through an LSTM network to model the
temporal relationship in the learning activity sequence. Let x; = [xt_l,xtlz, ...,xt,F] € RF represent the activity
vector of day t. At each time step ¢, the LSTM updates the hidden state through three gating mechanisms:

ft = O'(fogv) + Ufrt—l) + bf’
ie = o(Wix” + Uirey) + by,
0p = o(Wox(” + UpTy—q) + by,

¢ = f; © ¢i_q + iy © tanh Wx™ + Ucro_y + by),
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1. = 0, © tanh (¢,) € R,

in which f; i, or denote the forget gate, input gate, and output gate, respectively; c: is the cell state; and W+ Us,
b-are the learnable parameters. The complete sequence of hidden states is collected as: R®) = [, ..., r{")] €
RT*H where H is the hidden dimension.

Layer 2 - Multi-Head Attention: The sequence of hidden states R’ from the LSTM is passed through a Multi-
Head Attention mechanism [19] with K = 4 attention heads. In the mechanism, Query (Q), Key (K), and Value (V)
matrices are projected from R®:

Q =RPW? K = RWWK vV = ROWY,

. QK™
Attention(Q,K,V) = softmax V.

Jax

The output of the Multi-Head Attention module is combined with the original input through a residual connection,
followed by Layer Normalization:

7w — MHA(R(U),R(”),R(V)) + R(”),
A® = LayerNorm(Z®).

Layer 3 - Attentive Pooling: This work utilizes Attentive Pooling technique [20] to aggregate the outputs of the
LSTM and the Multi-Head Attention module into a single representation vector. A learnable query vector q €
R js randomly initialized and jointly trained with the entire model, allowing the model to automatically
identify the most important temporal regions in the sequence:

exp (q.AY JNH)
T_yexp (q.AY /VH)

T

RO = @ @4,

t=1

a® =

in which at(v) is the attention weight at time step t and Agv) is the vector at time step t of A. The encoder generates
two representation vectors corresponding to X1, X as follows:

hy = Encoder(XW; 0,,.), hy = Encoder(X®; 0,y,.),
hy, hy, € RE,
The representation vectors hy, h, € R" are then passed through a projection head and produce z;, zz:

W,.ReLU(W,h; +b;) + b, "
zZ; = ,
L7 ||W,. ReLU(W; hy + b,) + b, ]2
W,.ReLU(W, h, 4+ b,) + b,

= € RH,
%2 = |W,. ReLU(W, h, + by) + b, |2

For each training sample X;, two augmented views are generated and passed through the shared encoder and the
projection head to obtain two embeddings, denoted by z1,; and zz:.. These embeddings are then used to compute
the supervised contrastive loss, which aims to pull embeddings of the same class closer together and push
embeddings of different classes farther apart in the representation space [21]. Let I be the set of indices of all
embeddings. For each anchor embedding z;, the set of all remaining embeddings is defined as A(i)=I\{i}, and the
set of positive embeddings is defined as P(i) = {p €A@Y, = yi}, where J; is the class label of anchor i. Based
on these definitions, the supervised contrastive learning loss function is defined as follows [21]:

-1 exp (z;.z,/T)
LSupCon = Toring Z lo -
- [P(DI Yaeai) €xp (2i-24/7T)

PEP(D)

In this formulation, 7 is a temperature parameter that controls the sharpness of the similarity distribution [22], zi
denotes the anchor embedding, z, denotes a positive embedding that shares the same class label with the anchor,
and z. denotes any embedding in A(i).

3. CLASSIFICATION LOSS
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Let Lace be the Binary Cross Entropy loss computed over all training samples as follows:

N
1
Loce(9.) = = ) D log®; + (1 = yplog (1 = 9.

i=1

Where N is the number of training samples, yi € {0,1} is the ground-truth label, and J; is the predicted probability
for sample i. The model is trained with a combined loss function that integrates two complementary objectives
[21]:

Ltotal = LBCE (ﬁ. Y) + A LSupCon (Z1; Z2, y)

Where A is a weight value to control the balance between the classification objective and the representation
learning objective. The algorithm of the training process of DP-SCL is presented in.

C. ALGORITHMS

The algorithm of the training process of DP-SCL for each epoch is presented in Algorithm 1. Given the training set
D ={(X;, y;)}":-1, and four hyperparameters A, 7, 7, and 6. For each training sample (X;, y;), we use time masking and
feature masking with a small noise to generate two views X; ™ and X;®. Both views are passed into a shared
encoder (using LSTM, Multi-head Attention and Attentive Pooling) to get vector feature representations h;,; and
hy,;. After that, a projection head maps these features into an embedding space, and output z;,; and z,,;. At the same
time, a classifier takes h;,; as input to predict the dropout probability y,.

During the training process, this work computes two losses Lpce and Lsupcon. Lece uses the predicted dropout
probability and the truth label, while Lsupcon uses z1 and zz from the projection head. The two losses are combined
to form Leotar = Lece + A.Lsupcon. After that, parameter 6 is updated for each epoch.

Algorithm 1: Training process of the DP-SCL for each epoch

Input: Training set D = {(X;, y;)})-,; hyperparameters A, t, 1, 6
Output: Updated model parameters
for each (X, yi)in D do
Xi(l),Xi(z) « Augmentation(X;)
hy; < Encoder(Xi(l)), hy; « Encoder(Xi(z))
z;; < ProjectionHead (hl,i): Zyi < ProjectionHead(hz‘i)
¥; « Classifier(hy;)

end for

N
1
Lgcg < Nz BCE(¥:, yi)

i=1
N
LSupCon « Supcon ({Zl,i' ZZ,i}l-zl: {Yi}liv=1' T)
Leotar = Lpcp + A LSupCon

0 <0-— nveLtotal

III. EXPERIMENTAL RESULTS

A. DATASET

The experiments are conducted on the XuetangX dataset [23], and OULAD dataset [24], presented in Table 1.
XuetangX dataset comprises 225,642 enrollments of 77,083 students and 247 courses. It contains 22 types of
learning activities recorded on a daily basis over the first five weeks from the date of enrollment. The dropout
rate in the dataset is approximately 75.8%, reflecting the class imbalance in data from real-world MOOC platforms
[23]. OULAD is a dataset from The Open University in the UK with 32,593 enrollments from 28,785 students and
22 module-presentations across 7 modules. The dataset records 20 types of activities over 5 weeks. All datasets
are split into 3 sets of training, validation, and test set with a 60:10:30 ratio.
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Table 1. The details of the XuetangX and OULAD datasets

Statistic XuetangX OULAD
Number of enrollments 225,642 32,593
Number of students 77,083 28,785
Number of courses 247 22 module-presentations / 7 modules
Number of activity types 22 20

Observation period

5 weeks (35 days)

5 weeks (35 days)

Dropout rate (positive class) | ~75.8% ~31.2%
Training set 135,384 19,555
Testing set 67,693 9,778
Validation set 22,565 3,260

B. EVALUATION METRICS

The performance of the classification methods is evaluated using four metrics of AUC, Precision, Recall, and F1-
Score [12]. AUC is a metric used to evaluate the ability of the model to distinguish between the two classes across
multiple decision thresholds. The metric is less sensitive to class imbalance and is therefore commonly used in
imbalanced classification problems. Let TP, TN, FP, and FN denote the number of True Positives, True Negatives,
False Positives, and False Negatives, respectively [12]. The metrics are defined as follows.

The AUC is computed as the area under the Receiver Operating Characteristic (ROC) curve, which plots the True
Positive Rate (TPR) against the False Positive Rate (FPR) across all decision thresholds:
FP

TPR L FPR= ———
B T FP+TN

TP+ FN’

The AUC is formally defined as: AUC = fol TPR(t)d(FPR(t)) and is numerically approximated via the trapezoidal
rule over K thresholds:

K
UG ~ Z (FPR), — FPRy_,)(TPR, + TPR;_,)

2
k=1

Besides, Precision metric measures the proportion of correctly predicted dropouts out of the total number of
predicted dropouts:

TP

TP+ FP

The Recall metric measures the proportion of actual dropouts that are correctly identified:
TP

TP + FN’

F1-score is the harmonic mean of Precision and Recall, balancing both objectives:

Precision =

Recall =

2 X Precision X Recall
F1=

Precision + Recall

Because AUC is regarded as the most effective evaluation metric for the high imbalance of classes in data [12], it
is selected as the primary metric in this study for benchmark comparison between student dropout prediction
methods.

C. EXPERIMENTAL SETTINGS

The performance of the proposed method is compared with twelve models. Among the methods, there are seven
traditional machine learning approaches including Decision Tree (DT) [5], AdaBoost [6], Support Vector Machine
(SVM) [4], Logistic Regression (LR) [25], Gradient Boosting Decision Tree (GBDT) [6], XGBoost [6], KNN [26] and
five deep learning based methods, i.e., LSTM [27], GRU [28], CNN [11], CNN-RNN [11], CNN-LSTM-AT1 [14]. All
models are evaluated on the two datasets and trained with five fixed seeds of 1, 11, 111, 1111, and 11111. The
average values across five runs are computed to report the results. The hyperparameter settings are as follows:
hidden dimension H = 128, number of attention heads K = 4, masking rate for both time and feature p: = pr= 0.15,
noise standard deviation ¢ = 0.05, temperature T = 0.07, contrastive weight A = 0.1, classifier dropout rate of 0.3.
The models are trained for 200 epochs with a batch size of 256, using the Adam optimizer and a learning rate of
1x107*, Besides, early stop technique is also applied for all methods.



Doan Van Thanh Phong, Le Khac Toan, Van-Vinh Le, Daniel Ambach, and Tran Van Lang 7

D. RESULTS

The performance of DP-SCL and the baseline methods on the XuetangX and OULAD datasets are presented in
Table 2, and Table 3, respectively. It can be seen in the table that the proposed method achieves the best
performance for most metrics. In particular, for the primary metric, DP-SCL achieves an AUC improvement of
1.05% to 14.72% on XuetangX dataset, and from 1.27% to 8.41% on OULAD dataset over the baseline methods.
Besides, deep learning based approaches achieve better results than traditional machine learning methods.
Particularly, KNN and DT return the lowest AUC values of 0,7161 and 0,7581, respectively, on XuetangX dataset.
In the case of the OULAD dataset, the two methods also achieve the lowest AUC with 0.6969 and 0.7185. It
indicates the limitations of the traditional methods which rely on manually engineered features. XGBoost, an
ensemble model, shows considerable improvements with an AUC value of 0,8437 on XuetangX, and 0.7665 on
OULAD but still lower than most of the deep learning models.

When compared specifically with the deep learning methods, DP-SCL achieves higher results across most metrics.
For instance, the proposed method has higher AUC values from 1.05% to 1.81% compared to the remaining deep
learning methods on the XuetangX dataset. Besides, DP-SCL achieves the lowest standard deviation (* 0.0010)
and shows a more stable training process compared to the baselines on the dataset. In the case of KNN on
XuetangX, and LSTM on OULAD, although DP-SCL gets lower Recall values than the two models, the proposed
method achieves much higher Precision values compared to the methods. This results in better F1 scores of the
proposed method compared to models.

Table 2. Comparison of models on XuetangX dataset

Model AUC F1 Precision Recall
KNN 0,7161 + 0,0015 0,8738 + 0,0009 0,7916 £ 0,0034 0,9751 +0,0034
DT 0,7581 + 0,0012 0,8945 + 0,0008 0,8398 + 0,0030 0,9568 + 0,0049
AdaBoost 0,7918 + 0,0053 0,8906 * 0,0006 0,8309 £ 0,0010 0,9596 + 0,0008
SVM 0,8211 £ 0,0017 0,8948 + 0,0004 0,8484 + 0,0063 0,9466 + 0,0080
LR 0,8217 + 0,0015 0,8960 + 0,0002 0,8494 £ 0,0026 0,9481 + 0,0030
GBDT 0,8395 +0,0011 0,9042 + 0,0005 0,8554 + 0,0044 0,9589 + 0,0048
XGBoost 0,8437 + 0,0008 0,9055 + 0,0005 0,8621 + 0,0017 0,9535 £ 0,0027
LSTM 0,8465 + 0,0010 0,9060 + 0,0004 0,8600 + 0,0037 0,9571 £ 0,0046
GRU 0,8452 +0,0012 0,9060 * 0,0004 0,8608 + 0,0022 0,9561 £ 0,0027
CNN 0,8528 + 0,0014 0,9060 + 0,0004 0,8616 + 0,0041 0,9552 £ 0,0056
CNN-RNN 0,8494 + 0,0056 0,9054 + 0,0008 0,8624 £ 0,0026 0,9529 + 0,0022
CNN-LSTM-AT1 | 0,8517 +0,0042 0,9052 +0,0013 0,8615 + 0,0055 0,9536 + 0,0064
DP-SCL (our) 0,8633 +0,0010 0,9080 = 0,0005 0,8635 +0,0048 0,9574 £ 0,0063

Table 3. Comparison of models on OULAD dataset

Model AUC F1 Precision Recall
KNN 0.6969 + 0.0074 0.5272 £ 0.0048 0.5543 + 0.0789 0.5147 £ 0.0573
DT 0.7185 + 0.0073 0.5712 + 0.0088 0.5581 + 0.0372 0.5879 £ 0.0290
AdaBoost 0.7475 + 0.0068 0.5775 £ 0.0061 0.5955 + 0.0549 0.5677 £ 0.0511
SVM 0.7141 + 0.0093 0.5574 + 0.0061 0.5080 + 0.0345 0.6235 + 0.0528
LR 0.7234 + 0.0029 0.5673 £ 0.0072 0.5288 + 0.0352 0.6173 £ 0.0478
GBDT 0.7620 + 0.0069 0.5899 + 0.0045 0.5989 + 0.0510 0.5881 + 0.0532
XGBoost 0.7665 + 0.0077 0.5956 + 0.0068 0.5960 * 0.0387 0.5995 * 0.0434
LSTM 0.7661 + 0.0041 0.5985 + 0.0066 0.5696 + 0.0343 0.6338 + 0.0346
GRU 0.7673 + 0.0072 0.6010 + 0.0051 0.5935 £ 0.0276 0.6105 + 0.0242
CNN 0.7664 + 0.0082 0.5975 + 0.0073 0.5744 + 0.0100 0.6229 +0.0172
CNN-RNN 0.7682 + 0.0066 0.5993 £ 0.0064 0.5828 £ 0.0306 0.6188 + 0.0248
CNN-LSTM-AT1 | 0.7683 +0.0072 0.5970 + 0.0057 0.5972 + 0.0275 0.5983 + 0.0222
DP-SCL (our) 0.7810 + 0.0080 0.6122 + 0.0063 0.6384 * 0.0355 0.5899 + 0.0213
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E. ABLATION STUDY

In order to evaluate the contribution of each component to the proposed method, this work conducts experiments
to compare the full model with two of its variants. The first variant (w/o SupCon) is the case of not using the
supervised learning module, and the second one (w/o BCE) is for the case of not using BCE loss. The bar chart
shows that removing either module results in decreased classification performance, with reductions ranging from
2.23% to 29.28%. The results demonstrate the effectiveness of each component in the DP-SCL model.

1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00
w/o SupCon w/o BCE Full model
mAUC F1

Figure 2. The performance of DP-SCL (Full model) and its variants on dataset XuetangX

Figure 3 is the loss curve of the ablation study of DP-SCL, including SupCon Loss Lsupcon, BCE Loss Lscg, and Total
Loss Lrotal with the red dot marking the early stopping. The method with Lgck early stops at epoch 57. It shows
that the model learns to classify quickly from the extracted feature vectors. The one with Lsupcon and Lrota early
stop at epoch 93 and 96, respectively, presenting that the models take more time to learn the vector
representation by pulling students with the same pattern closer and pushing the others away.
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Figure 3. Loss Curves of DP-SCL on dataset XuetangX

F. PARAMETER SENSITIVITY

We conduct further experiments to evaluate the effects of hyperparameters A and t on the proposed method.
While A controls the balance between the classification objective and the representation learning objective, T
controls the sharpness of the distribution of the contrastive learning model. The value of 1 is set in the range of
[0.01, 0.5], T in the range of [0.03, 0.2], and the other hyperparameters are fixed. The experimental results are
presented in Figure 4 for A, and Figure 5 for 7. It can be seen from the charts that DP-SCL is stable with the changes
of both A and 7. The model achieves slightly higher AUC and F1 values than other cases when A is setto 0.1 and
is set to 0.07.
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Sensitivity of DP-SCL with respect to parameter A
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Figure 4. Sensitivity of DP-SCL with respect to parameter A on dataset XuetangX

Sensitivity of DP-SCL with respect to parameter t
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Figure 5. Sensitivity of DP-SCL with respect to parameter T on dataset XuetangX
IV. CONCLUSION

This work proposes an effective method for student dropout prediction in online courses based on supervised contrastive
learning techniques. The proposed method models learning activity sequences through a shared parameter encoder
consisting of an LSTM and Multi-Head Attention. It then learns discriminative feature representations through
supervised contrastive learning loss to encourage data points from the same class to be clustered together while separating
those from different classes. Experiments on two datasets of XuetangX and OULAD demonstrate that the proposed
method achieves competitive results compared with baseline methods. In future work, we plan to jointly capture temporal
learning behaviors and the social interaction structure among students within a course to enhance classification
performance. Besides, applying more advanced augmentation strategies for the learning activity time series data to further
improve the quality of positive pairs in contrastive learning, as well as explainable Al techniques to interpret and analyze
the model are also our research directions.
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DU POAN TINH TRANG BO HOC CUA SINH VIEN TRONG CAC KHOA HQC
TRUC TUYEN DU’A TREN HOC TUONG PHAN CO GIAM SAT

Poan Vin Thanh Phong, Lé Khic Toan, Lé Vin Vinh, Daniel Ambach, Tran Vin Lang

TOM TAT — Hoc truc tuyén mang lai nhiéu lgi ich va ngay cang tré nén phd bién trong nhirng nim gin day. Tuy nhién, ty 1&
bo hoc trong cic moi tredng hoc tip nay rat cao va tré thanh mot van dé 16n ddi vai cac co s& gido duc. Viéc xac dinh sém
nhitng sinh vién c6 nguy co bé hoc gitip gidng vién hoic t6 chitrc dio tao dwa ra cac bién phap hé tro phit hop va ting cwong
muic do tham gia cia ngwdi hoc. Mot s6 phwong phap hién nay cho bai todn dw doan viéc bo hoc cta sinh vién dwa trén cac ky
thuit hoc may truyén thdng hodc hoc siu. Tuy nhién, tinh riéng biét cia di liéu tlr cdc khoa hoc trwc tuyén dit ra nhiéu thach
thirc dang ké trong viéc dw doan nguy co bé hoc. Nghién ctru nay dé xuit mot phwong phap dwa trén hoc sau, dit tén 1a DP-
SCL, cho bai toan dw doan sinh vién bé hoc. Phwong phap dé xuit 4p dung hoc twong phan cé gidm sat, trong d6 mot bd ma hoa
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dung chung véi cac 16p Long Short-Term Memory va co ché Multi-Head Attention dwgc huin luyén bing hAm mat mat twong
phan c6 gidm sat. Két qua thuc nghiém trén hai bé dit liéu tir cdc nén tang gido duc khac nhau cho thiy di€ém manh cia mo hinh
dé xudt khi so sanh v&i muwoi hai phwong phap co sé. Ma ngudn ciia DP-SCL ¢6 thé dworc tai truc tiép tir trang GitHub ctia ching

toi: https://github.com/dvt-phong/DP-SCL.

Tiwr khéa — MOOC, dw doan bd hoc cida sinh vién, hoc twong phan cé giam sat.
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