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study proposes a combination of Tomek Links (TL) [18] gd
Synthetic Minority Over-Sampling Technique (SMOTE) [ 18]
to solve the problem of class imbalance in datasets, especially
educational datasets.

There are three contributions of this research. First, the
method that we propose can be a solution for dealing with
class imbalances in the student performance clighification,
especially in dealing with classification problems with binary
class and multiclass on student performance datasets.[ggcond,
the method we propose can increase the performance vigie of
the classification algorithm used in this study. Third, it can be
a reference for further research related to handling class
imbalances in datasets in data mining research, especially in
the field of education.

I1. MATERIALS AND METHODS

A. Materials

In this study, the dataset used is public. This dataset is a
dataset related to the aducatid process taken from
kaggle.com [19], [20]. There are 480 student records and 16
characteristics in the dataset. The characteristics are divided
into three groups: (1) Gender and nationality are exfiples of
demographic characteristics. (2) Features of the academic
background, such as educational stage, grade level, and
section. (3) Behavioral characteristics such as raised hand-on
class, resource opening, parent survey responses, and school
satisfaction.

There are 305 males and 175 females in the sample. 179
are from Kuwait, 172 are from Jordan, 28 are from Palestine,
22 are from Iraq, 17 are from Lebanon, 12 are from Tunis, 11
are from Saudi Arabia, 9 are from Egypt, 7 are from Syria, 6
are from the United States, Iran, and Libya, 4 students are
from Morocco, and one student is from Venezuela. The data
was gathered over the c of two academic semesters:
During the first semester, 245 student records are gathered,
and during the second mcster, 235 student records are
collected. The data set also includes a school attendance
feature in which students are divided into two groups
depending on their absence days: 191 students have more than
7 absence days, and 289 students have fewer than 7. This
dataset also includes a brand-new elemisnt called parent
parturition in the educational process. Parent Answering
Survey and Parent School Satisfaction are two subfeatures of
the parent participation feature. 270 parents responded to the
poll, while 210 did not; 292 parents are pleased with the
school, while 188 are not..

The dataset m'l classification dataset consisting of 3
classes, namely Low-Level, Middle-Level, and High-Level.
The Low-Level consists of 126 instances, the Middle-Level
consists of 211 instances, and the High-Level consists of 142
instances. Based on the number of instances in each class, it
indicates a class imbalance in the dataset.

B. Methods

Generally, this research includes the following four main
phases of Data Acquisition, Data Pre-processing,
Classification, Evaluation, and Comparison.
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Figure 1. Research Workflow

The first stage of this research is collecting a dataset. In
this study, the dataset used has been describing in the materials
subsection. The second stage is data pre-processing. In this
study, the resampling process was carried out using several
resampling methods including combination of two resampling
methods. The single resampling method is SMOTE while the
combinatioed is SMOTE + Tomek Links and Borderline
+SMOTE. SMOTE is used to increase the number of mimri
class instances. Meanwhile, Tomek Link and Borderline 1s
used to reducing noise samples in the majority class.

1) SMOTE

The working principle of the method SMOTE finds the
value of k-nearest neighbors, namely adjacency between
data for each record in the minor class, once it is made of
synthetic as much data as the percentage of the desired
duplication between data minor and k-nearest neighbors
are chosen randomly. The goal is to increase the amount of
data on the minority class. The following figure 2 is the
illustration of the SMOTE mechanism.
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Figure 2. SMOTE Mechanism
2) Tomek Links




The Tomek Lias’ principle is to eliminate noisy samples
and to focus on the majority class to ensure that the
reduction is not excessive. In theory, noise samples are
one of the factors that contribute to misclassification and
a decrease iithe classifier's performance. Therefore,
Tomek Links 1s chosen as the under-sampling method for
this study. Figure 3 below shows the mechanism of
Tomek Links.
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Figure 3. Tomek Links Mechanism

After pre-processing the data, the third step is to classify
using several algorithms for the testing process. In this study,
the classificfefon algorithms used for testing include Logistic
regression, k-Nearest Neighbor (K-NN), CART, Random
Forest, Support Vector Machine (SVM), and Stacking. The
testing process in this study is divided into two scenarios. The
first scenari ses a dataset splitting process with a
composition of 80% training data and 20% test datafoblle
second scenario is to use 10-fold cross-validation. The mam
objective of both scenarios is to test the consistency of the
classification algorithm model performance. Also, factors the
limited number of the dataset used is another reason for the
use of both scenarios.

The last stage iahis research is the evaluation and
comparison process. In this step, the classification methods
will be compared to each other through several stages. The
first is a comparison of c]assti{m methods that do not use
resampling, the second is a comparison lassification
methods that use Tomek Links, the third is a comparison
classification methods that use SMOTE, and the fourth is a
comparison of cla#lification methods that use Tomek Links
and SMOTE. The accuracy and geometric mean (g-mean) are
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used as assessment indicators in this study because they !e
the most complete in terms of the imbalance class context.
[21]. Accuracy on classification is a score indicating the level
of certainty of a classed data record followed evaluafgdn. As
with G-mean, the score is calculated by multiplying the true
positive rate (TPR) and the true negative rate (TNR). The G-
mean statistic indicates the overall accuracy for either a
minority or a majority class [22]. The accuracy and G-mean
formula can be seen in the equation below.
TP4TN

Accuracy = o NeFPIEN (1)
G — Mean = TPR xTNR (2)

In addition, other in ors used are precision, recall, and
F1-Score. Precision is defined as the ratio of true positive
predictions to the total number of true positive predictions.
The recall statistic measures the proportion of true positive
predictions to all true positive data. The B4l score, on the other
hand, is a weighted average of accuracy and recall.

II1. RESULT AND DISCUSSION

In this part of the paper, the result of the data balancing
process and classification will be discussed, analyzed and
compared to each other. This paper tries to present the effect
of data imbalance to the classification’s result and resampling
methods as a way to overcome the imbalanced data problems.
Additionally, different evaluation metrics of the classification
also carried on to give an insight of the effect of the evaluation
mechanism and so on. From those result’s then the best
resampling method and the classification method for all
models can be determined. All presented models are built in
Python using Google Collaboration platform. The classifier
first executed on the original data which is imbalanced to
show the performance of the classifier on the imbalanced data.
After that, the data is undergoing a balancing process using
several oversampling methods and then the classifiers will be
implemented.

A. Original Dataset Classifications’ result

Table I1I shows the performance of the classifiers on the

inal dataset. The evaluations done under two condition,
usmg the 10-fold cross validation which resulting average
accuracy scores from the iterations of the k-fold mechanism.
While 80 — 20 data splitting ratios which produced several
measurements such as, Precision, Recall, and F1 Scores. Table
III provided the information of how the models performs
under the imbalanced data condition.

TABLE L. CLASSIFICATION RESULT'S ON ORIGINAL DATASET
Imbalanced Dataset
Classifier Data Spliting Ti-fold cross validation
Fl1
Precision Recall Geometric Mean Average Accuracy
Class 0 | Class1 | Class 2
Logistic regression 0% T0% 0.76 65% T9% 65% T0.9%
K-NN 66% 66% 0.73 58% T4% 63% 62.4%
CART 3% 73% 0.79 T1% 8304 66% 71.3%
Random Forest 1% T6% 0.80 T1% 83% 3% 79.2%
SVM 62% 50% 0.80 45% 1% 58% 62.5%
Stacking 79% 7% 0.81 75% 82% 75% 75.2%




Accuracy is one of the most popular evaluation metrics to
measure a classifier’s performance. As for the 10-fold cross
validation evaluation model, Random Forest is the most
accurate method to classify such imbalanced dataset. besides,
the data splitting evaluation model stated that Stacking is the
most precise method to classify the dataset. Recall is the
probability of cormrectly detected items. It means that Stacking
method identifies 77% of all different students in the dataset.
While SVM produced the lowest Recall score with just 59%.
Precision is the portion of the relevant results. Stacking has a
decent score on Precision with 79%, with SVM has the lowest
score. Although the dataset is imbalanced, the score of all
classifier can reach over 50% which is a good sign already.
Yet it is not enough to say it is a good classification’s result
and it is possible for some improvement.

B. Classification with Resampling Method

As stated, the class distribution 1s imbalanced, means the
numbers of each class member is not in relatively same

proportion, the efmcf the imbalanced class classification
can be seen on the F1 score. F1 score is the harmonic average
of Precision and Recall, includes an important result about
classifiers’ performance on each class respectively. For
example, K-NN produced a relatively bad result on the F1
Score for Class 0, while the other 2 class produced score that
are above 50%.

As this paper working on a dataset with multi-
classification problem, the effect of the imbalanced
distribution of the class is bad for the classifiers’ performance.
Shown from the obtained result on Table III as the accuracy is
still low. Therefore, solving the imbalancgeslata is necessary
to produce a better classification’s result. Table IV, Table V,
and Table VI represents the results of each machine learning
technique on balanced data, which also resampled using
several different resampling models.

TABLE II. SMOTE RESAMPLING METHOD'S RESULT
SMOTE
Classifier Data Splitting
Recall Specificity Geometric Mean F1 Score 10-Cross Validation
Logistic regression T8% 89% 0.83 T8% T4.9%
K-NN 2% 82% 079 2% T1.5%
CART B1% 90% [14] B1% TR.5%
Random Forest 83% 92% 087 83% 82.7%
SVM T0% 85% 0.76 69% 69.3%
Stacking T9% 89% 0.84 T8% 79.6%
TABLE III. BORDERLINESMOTE RESAMPLING METHOD'S RESULT
Borderline-SMOTE
Classifier Data Splitting
Recall Specificity Geometric Mean F1 Score 10-Cross Validation
Logistic regression T4% 87% 08 3% 73.5%
K-NN 65% 82% 0.71 62% T0.8%
CART 1% 88% 0.82 1% Ta%
Random Forest 83% 92% 0.87 83% 84.8%
SVM 67% 83% 072 63% 66.4%
Stacking 83% 92% 087 83% T6.4%
TABLEIV. SMOTE-TOMEK RESAMPLING METHOD'S RESULT
SMOTE-Tomek
Classifier Data Splitting o
Recall Specificity Geometric Mean F1 Score 10-Cross Validation
Logistic regression T4% BR% 08 75% 75.6%
K-NN 68% 84% 0.75 68% T4%
CART 7% 8% 0.83 T8% 77.8%
Random Forest 86% 93% 0.89 86% 85.8%
SVM 65% 82% 072 64% 70.6%
Stacking 84%% 92% 088 84% 83.7%




Table 1V represents the classifications results using
SMOTE resampling technique. The SMOTE resampling
method can improve the overall accuracy of all classifier with
Random Forest is the strongest classifier in terms of accuracy
and Geometric Mean score. Geometric Mean is a scalar which
a squared-root of Recall and Specificity multiplication. The
Geometric Mean is a measurement to the accuracy of any
classification with resampled data. The higher the Geometric
Mean score means the better the classification performance.
In this case, Random Forest is the highest wielding score in
both of evaluation models with 0.87 Geometric Mean and
82.7% Accuracy in 10-fold Cross Validation.

Table V represents the result of classification which the
data is resampled beforchand using Borderline-SMOTE
resampling technique. As shown in the table, Random Forest
classification method produced the highest results on both of
the evaluation models with 0.87 Geometric Mean and 84.8%
accuracy. Even though there are no differences between
Smote resampled and Borderline-Smote resampled data in
terms of Geometric mean, but the accuracy of the Borderline-
Smote resampled data is better.

Table VI represent the classification result using SMOTE-
Tomek resampled dataset. Smot mek itself is a hybrid
resampling method which is a combination of an over-
sampling and under-sampling method. As indicated by the
bold font on the Table VI that the Random Forest gives the
highest score on Geometric Mean and accuracy on both
evaluation method. Random Forest comes out as the best
classifier from each resampling models. Even challenging the
Stacking method which in theory is an enhancement of a
single classifier method, yet it cannot beat Random Forest in
this case.

As for the resampling method, the comparison of the three
resampling method will be provided in Table VII. The
comparison made by taking out each best score from any
classifier of each resampling method which is all of it won by
Random Forest.

TABLE V. RESAMPLING METHOD COMPARISON
- 10-Cross
Resampling method + Data Splitting Validation
Classifier Geometric Average
F1 Score
Mean | Accuracy
SMOTE + Random Forest 0.87 83% 82.7%
Borderline-SMOTE + o 0
Random Forest 0.87 . 830 84.8%
lth40’1‘12-Tcnlr'lek + Random 089 86% 85.8%
“orest

Table VII represents the comparisons of Random Forest
result on each resampling method. Can be seen that SMOTE-
Tomek resampling method helps Randongifedirest classifier to
get highest score in Geometric Mean and 10-fold Cross
Validation evaluation models. The results confirm that
SMOTE-Tomek might be better than the other resampling
methods.

IV. CONCLUSION

This study intends to show the effect of the imbalanced
data problem and find out the better resampling method to be
implemented into the machine learning process. The
resampling method used in this study are SMOTE, Borderline
SMOTE, SMOTE -Tomek. The students’ performance dataset

used as the data source and classify using several classifiers
namely, Logistic Regression, K-NN, CART, Random Forest,
SVM, Stacking ensemble method. The initial result of
classifications on imbalanced dataset do not produce a good
performance as the F1 score margin on each class is too big.
The results of each classifier measured by two evaluation
metrics to give a clearer picture of the performance about not
only the classification but also the performance of the
resampling method. The Geometric Mean indicated how good
the resampling method provide a data for the classifier, and
the accuracy provide the general picture of how good the
classification’s performance on each resampled dataset. It
seems that SMOTE-Tomek work better on the dataset as it
produced the highest Geometric Mean on the best classifier on
this study which is Random Forest. Hence, the SMOTE-
Tomek and Random Forest is the best pair to work with the
dataset.

This study can be developed in so many ways and possible
to perform future work in the following directions. A deeper
experiment on ensemble classification can be introduced to
give a better comparison also hopefully achieve better results.
Take more resampling models can also become a good study
to enrich the analysis from this study, and a better resample
method may be found on the midst of the study. As from the
dataset perspective, more students’ performance related
dataset can be added to give better understanding about the
results with several adjustment such as feature selection which
may give better performance.
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