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Abstract - The problem faced in the implementation of
Massive Open Online Course (MOOC) is the high dropout
rate (DO) reaching 90% which exceeds the formal school
dropout rate. Preventive action needs to be taken to
minimize the impact on MOOC:s, instructors, and students.
One solution is to do machine learning (ML) based
prediction. The use of ML does not escape the problem of
prediction performance that is still less accurate so it needs
to be improved by blending ensemble learning (BEL). This
research builds a BEL model consisting of two layers
including base model with KNN, Decision Tree, and Naive
Bayes algorithms, then meta model with XGBoost. The
dataset from KDD Cup 2015 contains clickstream from
XuetangX website. The pre-processing stage includes
selecting the course with the most participants,
normalization, SMOTE, feature selection, and breaking it
into three: ensemble, blender, and test data. The BEL
model evaluation results obtained an accuracy value of
90.16%, precision of 85.64%, recall of 97.31%, F1-Score of
91.10%, and AUC of 92.83%.

Keywords: blending ensemble learning; MOOC,;
prediction; dropout; SMOTE.

I. INTRODUCTION

One of the problems faced by Massive Open Online
Course (MOOC) organisers is the high dropout rate (DO)
which reaches 90% [1]. The various causes of students
dropping out of MOOCs are lack of social support,
motivation, and perseverance [2], difficulty
understanding the material, lack of engagement and
interaction with the instructor [3], lack of understanding
of learning goals and intentions [4], lack of support from
peers [5], and the absence of adaptive variations in the
learning flow so that students feel bored [6].

The impact of students dropping out will affect at
least three parties: the organiser, the instructor, and the
students themselves. MOOC organisers are impacted in
terms of reputation, ranking, accreditation, as well as
revenue [7]. On the instructor side, it affects motivation
in teaching and developing new classes or materials as
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well as reduced social interaction [8]. Students who drop
out may experience difficulties in finding employment
and income in the future, worsening economic and social
conditions [2].

One of the preventive efforts to deal with the problem
of a large number of dropout students is to make early
predictions with machine learning (ML). The challenge
of this solution is the absence of direct supervision by
instructors on students because MOOCSs are held online
[9]. What can be used as a basis for prediction is the
student's interaction with the MOOC platform recorded
in the activity log or clickstream which significantly
influences the student's performance while attending the
MOOQOC class [10].

Previous research developing ML models using
single algorithms such as Logistic Regression, Decision
Tree, Random Forest, K-Nearest Neighbor (KNN),
Naive Bayes, Support Vector Machine (SVM) and
Linear Discriminant Analysis (LDA) conducted by [1],
[11], [12], has four problems namely lack of prediction
performance, model generalisation, using only one
dataset and one model testing technique. So it is
necessary to optimise the model with optimisation
techniques or ensemble learning by combining more than
one algorithm.

One example of an optimisation technique is the
Particle Swarm Optimisation (PSO) algorithm. Jin
proposed a combined model between Support Vector
Regression (SVR) and Improved Quantum PSO (IQPSO)
called SVRQ [13]. The model is applied from week 2 to
week 5. The accuracy value obtained is 87.16%, Area
Under Curve (AUC) value 85.44%, and F1-Score
91.32%. The weaknesses of the study are the use of
limited datasets and may cause a lack of generalisation
of the model and only use one testing technique.

Another technique that can be applied is ensemble
learning with types including boosting, bootstrap
aggregating (bagging), stacking, and blending [14]. The
ensemble learning technique can improve prediction
performance and can overcome overfitting [15].
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Ensemble stacking and blending have the same concept
which consists of two layers, the first layer consists of a
weak learner algorithm with the aim of converting
complex non-linear features and the second layer is
called a meta learner to utilise the residue of the first
layer so as to improve the prediction model [16].

Research using ensemble learning was conducted by
[17] with a combined model of Student Interaction
Graph (SIG) and Neural Network or abbreviated as Sig-
Net. The research compared the robustness of the Sig-
Net model against two datasets sourced from KDD Cup
and NAVER. The evaluation results are with the KDD
Cup dataset getting an AUC value of 88.87% and F1-
Score 92.52%, while NAVER gets an AUC value of
88.16% and F1-Score 97.28%. The weakness of this
research is the lack of explanation of the pre-processing
stage.

Another study conducted by [18] proposed the
Ensemble Deep Learning Network (EDLN) model
which is a combination of Faster RCNN and ResNet-50.
The dataset came from KDD Cup 2015 and selected the
first five weeks and then made multidimensional data.
The data was mapped with metrics. Based on the
evaluation results, the lowest accuracy was obtained
from 1x7 metrics with a value of 87.7% and the highest
accuracy was obtained from 7x7 metrics with a value of
97.4%. The weakness of the research is that it does not
explain what features are used for prediction.

Research by [19] experimented with Decision Tree
and bagging models such as AdaBoost, XGBoost, and
Gradient Boosting (GB). After testing, of the four
models, the GB algorithm gets a precision value of 0.75
and an AUC of 86.63%. Then, clustering is done with K-
Means Clustering and using Ant Colony Optimisation
(ACO) algorithm. With ACO, learning materials can be
customised to reduce dropout rates. However, the
implementation of ACO and the accuracy value are not
explained in detail.

Based on the description above, there are two core
problems underlying the research, namely practical
problems and research problems. The practical problem
is the high dropout rate that causes adverse impacts on
MOOC organisers, instructors, and students that must be
managed. The previous research problem is related to
models that are still less than optimal and have the
potential to be refined, especially vital parts such as the
pre-processing stage and the selection of algorithms to
build models that have a major effect on prediction
accuracy.

Therefore, the purpose of this research is to build a
blending ensemble learning (BEL) model to predict

dropout students and determine the robustness of the
model that has been built on several datasets. The
limitations of this research are: (1) using a dataset from
KDD Cup 2015 which contains activity logs from the
largest MOOC site from China, XuetangX; (2) the
dataset is grouped by course and one course is selected
for deeper analysis; and (3) this research is conducted for
academic purposes and not for real implementation in
MOOC:s.

1. METHOD

A. Dataset

The dataset comes from KDD Cup 2015 which
contains activity logs from China's largest MOOQC,
XuetangX. The dataset has been uploaded on the
Kaggle.com site by contributor Anas Nofal and has been
pre-processed by changing the activity log data from
rows to frequency columns. The dataset has been split
into two, namely training data totalling 180,713 and test
data totalling 44,929. The dataset consists of 30 features
including 22 features related to activity logs, 1 feature
related to classification labels, and the rest related to
participant personal data presented in Table I.

TABLE |
DATASET FEATURE

No Feature No Feature

1  Username 16 Action Create
Comment

2 Course ID 17  Action Create
Thread

3  Session ID 18 Action Delete
Comment

4 Unique Session Count 19  Action Delete
Thread

5  Action Per Session 20 Action Load Video

6  Timestamps 21  Action Pause Video

7  Time Difference 22  Action Play Video

8  Truth 23 Action Problem
Check

9  Action Click About 24  Action Problem
Correct

10 Action Click 25 Action Problem

Courseware Incorrect

11 Action Click Forum 26  Action Problem Get

12 Action Click Info 27  Action Problem Save

13 Action Click Progress 28  Action Reset
Problem

14  Action Close 29 Action Seek Video

Courseware

15 Action Close Forum 30 Action Stop Video
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B. Pre-processing

The pre-processing stage is the foundation for good
model performance. This research conducts several pre-
processing sub-stages including (i) ensuring the data type
is numeric because the research approach used is
guantitative. If there is data in a row that cannot be
converted to numeric then the row will be deleted. (ii)
Ensuring there is no missing data (null). If there is
missing data in a row then the row will be deleted. (iii)
Delete duplicate data.

Next, (iv) filtered the data based on the course and
selected one course with the code ‘30640014 and the
number of participants as many as 3,813. The course
dataset will be analysed to find out the features with the
highest contribution when the model makes predictions.
(v) Perform data normalisation. The type of
normalisation chosen is Min Max Scaler because the
dataset has a high value difference. Min Max Scaler
scales the data to zero to one so that the distance between
data is not too large and eliminates negative values [20].

Then, (vi) because the class distribution is still
unbalanced and this can have an impact on the
performance of the model built, it is necessary to balance
it with the Synthetic Minority Oversampling Technique
(SMOTE). SMOTE can produce a synthetic class form
that is considered better than duplicating the minority
class so as to avoid overfitting [21] and overcome
oversampling [22]. Visually, the class distribution results
of each dataset before and after the SMOTE technique
are presented in Fig. 1 and Fig. 2.
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Fig. 1 Class distribution before SMOTE
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Fig. 2 Class distribution after SMOTE

Before the application of SMOTE, the dataset showed
significant class imbalance with a ratio of 3593 DO
classes and 220 no DO classes. After SMOTE was
applied, the class distribution was successfully balanced,
with both classes having the same number of 3593 rows.
The total number of rows in the dataset increased to
7168. The application of SMOTE aims to overcome the
problem of data imbalance which can improve the
performance of the model in predicting both classes
more accurately.

Finally, (vii) manually select features and use feature
importance from Random Forest. Manually, only 22
features related to activity logs were selected and one
classification label feature. Of the 22 features, a
correlation analysis is carried out with a heatmap as in
Fig. 3 so that it is known which features do not choose
correlation with other features. This serves to compare
the results of feature weighting with the Random Forest
feature importance algorithm not contradicting each
other.

From the heatmap, it can be seen that the 6th and 19th
index features, namely action_close_forum and
action_reset_problem, have no correlation with other
features so that they are not used. The use of the feature
importance algorithm can perform feature assessment
and output in the form of contribution weights to
predictions so as to improve model performance and
reduce execution time [23]. The results of this stage are
15 features selected based on the highest weight to build
the BEL model presented in Table II.
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TABLE Il
FEATURE SELECTION
Index Feature Index Feature
21 Action Stop Video 15  Action Problem Check
17 Action Problem Get 18 Action Problem Save
16 Action Problem Incorrect 1 Action Click Courseware
0 Action Click About 13 Action Play Video
12 Action Pause Video 5 Action Close Courseware
11 Action Load Video 20 Action Seek Video
14 Action Problem Check 2 Action Click Forum

3 Action Click Info

C. Model Building

Data that has been pre-processed is considered as
mature data that is ready to be further processed with
algorithms to produce prediction models with good
performance. To build a BEL model requires three data,
namely ensemble, blender, and test data. The split of the
dataset with a percentage of 68%, 17%, and 15% as
shown in Table Ill. The data used for model training is
set to be larger to prevent overfitting, which is a
condition where the model is too ‘smart’ with training
data and not optimal on test data [22], [24].

The BEL model is built with two layers. The
algorithms used in the first layer are called base models,
namely KNN, Decision Tree, and Naive Bayes. They
were chosen because they are often used in previous
research, have low accuracy values, are simple, and have
the potential to be improved [25]. Training and testing on
the first layer use ensemble and blender data. The result
of the prediction or called the residue will be used as one

data frame as training data for the second layer algorithm
or called the meta model.

The algorithm in the meta model is XGBoost was
chosen because it is able to utilise the residue from the
previous model to build its own model so as to improve
performance [16] and is able to handle class imbalance
and scalability on large datasets [26]. After that, the BEL
model will be tested using test data. The prediction
results are used as the basis for calculating model
performance. The flow of BEL model development
refers to the research conducted by [27] and is visualized
in Fig. 4.

TABLE 11l
DATASET SPLIT
Split
Dataset Ensemble Blender Test
7.186 4.886 1.222 1.078
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Fig. 4 Blending ensemble learning flow

D. Model Evaluation

Measurement of BEL model performance is done
through three stages, namely (1) confusion matrix
including accuracy, precision, recall, and F1-Score
values. The results are displayed in visual form for easy
analysis. (2) Using AUC to complete the confusion
matrix. AUC is derived from Receiver Operating
Characteristic (ROC) called Precision-Recall Curve [28]
which has the advantage of not only focusing on finding
the average accuracy but ROC visualises all possible
classification thresholds [29], [30].

Then (3) uses k-fold cross validation where each
iteration is calculated the confusion matrix value and
AUC. The value of k chosen is 10 because it can provide
a good balance between predictable error and variation
in model evaluation and computational time is more
efficient than high k values [31]. With k=10, the data will
be divided into ten subsets, nine subsets as training data
and one subset as test data. This process is carried out
alternately until each subset has been used as test data.

I1l. RESULT AND DISCUSSION

This research involves a dataset by filtering it by
course and selecting one of the courses. The research

flow is as described previously starting from literature
study, data collection, pre-processing, splitting the
dataset and selecting algorithms for model building, and
conducting test evaluation.  After  conducting
experiments, the results are visually shown with the
confusion matrix presented in Fig. 5 and the results of
metric calculations are presented in Table 4.

The accuracy value shows 90.16%, which means that
the model has a good ability to classify the data correctly,
both for the DO and non-DO classes. Precision shows the
level of accuracy of the model in predicting the positive
class. The value of 85.64% means that the model can
correctly predict the DO class. Then, the recall value of
97.31% indicates the model's ability to find all correct
examples of the positive class. F1-Score is a combined
metric of precision and recall, a value of 91.10%
indicates a balance between the two.

The AUC value of 92.83% indicates a good ability of
the model to distinguish between positive and negative
classes, a good level of generalisation of the model, and
the model is able to predict effectively on data that has
never been seen before. The ROC curve presented in Fig.
6 provides a visual representation of the trade-off
between false positive rate and true positive rate at
various prediction thresholds. The larger the area under
the ROC curve, the better the model is at handling the
imbalance between positive and negative classes.

Confusion Matrix for Final Test Predictions

Actual

Predicted

Fig. 5 Confusion matrix

TABLE IV

MODEL EVALUATION WITH CONFUSION MATRIX
F1-

Score

91,10%

AUC
92,83%

Recall
97,31%

Accuracy Precision
90,16% 85,64%
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Fig. 6 Receiver Operating Characteristic (ROC)

Next, evaluate model testing using the k-fold cross
validation technique. This aims to test the robustness of
the model against 10 subsets of data. The test results are
presented in tabulated form in Table V for easy analysis
and reading. The data shows the consistency of model
performance in k-fold testing although there are two
iteration index that experience significant increases or
fluctuations in value, namely the 5th and 6th index.
Despite the fluctuations, the overall model still shows
good stability.

These results show the consistency of the BEL model
performance at k-fold. Although there were fluctuations
in the 6th and 8th iterations. Both get an accuracy value
of 90.18% and 96.63% where the average accuracy value
is 89.60%. Another fluctuation occurred in the precision
metric at the 5th iteration with a value of 94.62%. The
recall metric did not escape the fluctuation at the 6th
iteration with a value of 97.67%. In F1-Score,
fluctuations occurred in the 6th and 8th iterations with
values of 91.98% and 91.39%. AUC fluctuations occur
at the same iteration as Accuracy and F1-Score with
values of 95.23% and 95.00%.

The average fluctuation occurred at the 6th and 8th
iterations on three metrics hamely accuracy, F1-Score,
and AUC. The analysis showed that both iterations had
fewer zero values and the distance between data was not
high enough. On the other hand, although F1-Score is a
combination of precision and recall, it did not fluctuate
at the same iteration. This shows that they do not
necessarily affect each other. Then, the instability of
AUC indicates the sensitivity of the model to the
distribution of data in the training subset.

Research conducted [13] proposing the SVRQ
ensemble model obtained an accuracy value of 87.16%,
AUC 85.44%, and F1-Score 91.32%. The dataset used is
limited to week 2 to week 5 only. While the research
conducted does not limit the use of datasets within a
certain time range, but focuses on one course. In terms
of performance, the BEL model gets higher accuracy,
AUC, and F1-Score values than SVRQ, namely 90.16%,
92.83%, and 91.10%. This proves that the BEL model is
more optimal than SVRQ.

Comparison with previous research conducted by [17]
shows that the research does not explain the pre-
processing stage completely. Whereas, this research tries
to cover the shortcomings by describing the pre-
processing stage in as much detail as possible. In terms
of performance, the BEL model is superior to the AUC
metric. In addition, the testing metrics in this study are
also more complete with confusion matrix, AUC, and k-
fold cross validation. This gives a clearer picture of the
effectiveness of the BEL model.

Another study by [18] with the EDLN model did get
the highest accuracy value of 97.4%. However, the study
used metric-based multidimensional data while this
study uses single data so that the complexity of the
dataset and model is certainly simpler. This research tries
to complement the shortcomings of the research by
describing in more detail what features are used for
prediction along with multiple feature selection
mechanisms, namely manually and feature selection
algorithms.

TABLE V
K-FOLD CROSS VALIDATION
Fold  Accuracy Precision Recall F1-Score AUC
1 89,05% 84,16% 97,13% 90,18% 92,83%
2 89,42% 85,12% 96,41% 90,42% 92,35%
3 89,79% 85,78% 96,23% 90,70% 93,46%
4 89,05% 84,70% 96,23% 90,10% 94,21%
5 88,31% 94,62% 82,07% 87,90% 92,29%
6 90,18% 86,92% 97,67% 91,98% 95,23%
7 89,88% 85,57% 96,77% 90,83% 92,85%
8 90,63% 87,15% 96,05% 91,39% 95,00%
9 89,70% 85,64% 96,23% 90,63% 91,95%
10 88,96% 84,35% 96,59% 90,05% 92,59%
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Research conducted by [19] comparing four Decision
Tree-based models in the first layer for predicting
dropout students. The second layer uses K-Means
Clustering. The result of the prediction is used as the
basis of ACO algorithm for learning path customisation.
However, the ACO implementation and model
performance are not explained in detail. The current
research does not use clustering and ACO and focuses on
improving prediction performance with the BEL concept.

From the four previous studies, some weaknesses are
tried to be improved in this research, such as completing
the pre-processing stage, feature selection, improving
prediction performance, and completing testing
techniques. On the other hand, this research still leaves
room for further research such as the application of
optimisation techniques such as PSO, ACO, and
Komodo Mlipir Algorithm (KMA). Then, can
experiment with clustering algorithms in the second
layer, feature selection using genetic algorithms to make
it more dynamic.

IV. CONCLUSION

The results prove that applying the BEL concept can
improve the performance of the prediction model. This
is linear with the four studies that are the main references
and studies. Although there are some differences in them
such as the source and treatment of datasets, algorithms
used, optimization techniques, and model testing
techniques. This research seeks to improve the
shortcomings of the four studies by completing pre-
processing, improving performance, and using model
testing techniques. The improvised BEL model obtained
an accuracy value of 90.16%, precision value of 85.64%,
recall 97.31%, F1-Score 91.10%, and AUC 92.83%.
Testing using k-fold cross validation produces a fairly
stable performance value with an average accuracy value
of 89.60%, precision 86.40, recall 95.14%, F1-Score
90.42%, AUC value 93.28%. Although in the 6th and 8th
iterations there are three metrics that experience
fluctuations, namely accuracy, F1-Score, and AUC. This
shows that the BEL model is sufficiently generalized
with the division of 10 subsets. Future research can
explore other combinations of techniques or algorithms
that can improve optimization such as ensemble learning,
such as stacking, clustering algorithms, and dynamic
feature selection. This is important to find a more
efficient and effective approach related to data
complexity. In addition, to know that the BEL model
built has good generalization and robustness, it can
compare the use of multiple datasets as done by [17].
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