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Abstract

Predicting student graduation status is crucial for educational institutions in assessing student progress and
improving academic outcomes. This study explores the application of ensemble machine learning techniques to
classify and predict the graduation status of students at Klabat University. By combining multiple machine learning
algorithms such as Random Forest, Gradient Boosting, and Bagging, the ensemble approach aims to enhance
prediction accuracy and robustness compared to individual models. The research utilizes historical academic data,
including GPA, attendance, and other relevant variables, to train the models. The results indicate that ensemble
methods outperform single classifiers in terms of precision, recall, and overall accuracy, making them a viable
solution for predicting student success and informing academic interventions. This study contributes to the
growing field of educational data mining by demonstrating the potential of machine learning for improving
institutional decision-making and student outcomes.

Keywords ensemble machine learning, classification, graduation prediction, educational and data mining.
1. Introduction

Classification analysis is a method that places an object into a certain class (categorical response
variable) based on the characteristics of the object. Operations performed in classification use
equations, algorithms, or rules that are obtained from objects whose classes are already known.
Objects whose classes are already known will form a new data group from the grouping results
based on the classification method used (Tuffery, 2011). In statistical learning, classification
analysis belongs to the supervised learning method. Supervised learning is an approach where
there is already trained data, and there are targeted variables so that the purpose of this approach
is to group data into existing data. Meanwhile, unsupervised learning does not have training
data, so that the existing data will be grouped into two parts or three parts and so on (James, G.,
et.al. 2015)

Classification analysis in some cases is used in data mining and has many benefits in various
problems, for example in advertising, namely classifying certain places or certain people who
have a tendency to be interested in an advertised product. In the banking sector, classification
can be used to decide whether someone deserves a loan or not (Berry, M.J., & Linof, 2004).
There are many classification techniques or algorithms that perform the classification process.

Algorithms that carry out the classification process which is usually called a classifier. This
classifier is used to predict a qualitative response. The number of classes in classification
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analysis is divided into two categories, namely binary classification and multiclass
classification. Binary classification only has two categories or classes, for example sick or not
sick, late payment or on time, good or bad and so on. While multiclass classification has more
than two categories or classes, for example to see the quality of an apple can be seen from three
conditions, namely normal, bruised or slashed (Breiman, 1996). There are many classification
algorithms that are usually called classifiers. These classifiers are used to predict a qualitative
response. Some classifiers that are widely used include K-Nearest Neighbour (KNN),
Discriminant Analysis, Logistic Regression, Classification Tree, Support Vector Machine,
Artificial Neural Network and some classifiers that are ensemble techniques, namely Bagging
with Random Forest algorithm and Boosting with Adaboost algorithm (Maria W., & Suradi,
2019).

2. Literature Review

The ensemble technique is a method that combines several single classifications with the aim
of obtaining a more accurate classification model (Sulaiman, S., Abraham, 2011). The working
principle of the ensemble method is to generate several classification models from the training
data and then estimate or predict the final result of each model by majority vote (Sartono and
Syafitri, 2010). According to Zhang and Yungian (2012), the ensemble method can effectively
reduce classification errors and is believed to have good performance compared to the use of a
single classifier. The main idea of the ensemble method is to combine multiple sets of models
that solve the same the same problem to get a more accurate model. Illustration of ensemble
classification method can be seen in Figure 1.1.

Figure 1 Illustration of Ensemble Classification Method
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Source: Zhang & Yungian (2012).

Research on ensemble classification techniques has been conducted by Prasetio and Pratiwi
(2015) which was applied in a banking case that modelled credit scoring with a single
classification method, namely logistic regression and decision tree which was compared with
the Ensemble Bagging and random forest classification methods. The results showed that the
accuracy and prediction of the ensemble classification technique was higher than the single
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classification method. Aliady H. (2018) who modelled the implementation of Support Vector
Machine (SVM) and random forest on breast cancer diagnosis where the samples used were
from secondary data obtained from the results of digital computational calculations of breast
cancer patient data at UCI Wicoxsin University. In the research of Aliady H. (2018) obtained
information that the machine learning method is the best method in breast cancer classification
when compared to the SVM model. Seruspa research in the health sector was conducted by
Listiana and Aziz (2017) who modelled the selection of the best model between the application
of Adaptation. Model the selection of the best model between the application of Adaboost and
Support Vector Machine to improve accuracy in diagnosing chronic kidney disease. The
research results in this case show that the performance of the Adaboost algorithm is the choice
in the best mo.

3. Research Method

The methodology used in this study for the classification of student study periods is shown in
Figure 1. The research dataset was obtained from the information available in the database of
the Klabat University academic section with the attributes of student ID number, student
achievement index in semesters one to four, the number of credits taken in semester one. up to
four and the length of study while the sample taken was 1,717 students in the 2016 to 2018
graduation years. Here are the defining attributes and class labels for each data. The input data
is pre-processed so that the data can be used in the Bagging and Boosting method. After that,
the training data and testing data were randomly selected. Training data is data used to create a
classification model in both the Bagging and Boosting methods. The classifier model generated
by the training data is then used to predict the class from the testing data, so that the class label
testing data is not used. The prediction results in the form of class labels will be compared with
the actual class labels to calculate accuracy. The prediction results of the two methods will be
analyzed and seen which method is better able to predict.

Figure 2. Research methodology for prediction of pass timeliness.
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Preprocessing Data. Data preprocessing is a step carried out to improve the input data so that
it fits the data format used in the classification method. In this study, several variables that have
two values will be simplified to 1 or 0. For example, the male gender variable is changed to 1
and the female becomes 0. Likewise for class labels containing on time or not on time. On time
will be changed to 1 while not on time will be changed to 0.

Bagging Techniques. Bagging or bootstrap aggregating is a method of machine learning that
is built in an ensemble for stability and accuracy in both classification and regression. The
concept of ensemble with bagging is carried out by combining many estimated values into one
estimated value. By using a sample in the form of a bootstrap to generate random data samples
that will be used as a training process for each tree. In general, bagging will use a vote
mechanism to be combined as the main classifier of the resulting final model (Zhou, 2012). The
basic idea of the Bagging method is to use random resampling with returns to the original
dataset in order to obtain a new dataset. The new dataset has the same size as the training data
by taking a random sample of size n with the return of the training data (bootstrap sample Sk
from Dk). The new dataset is then used to generate a multi-version classification tree. The
classification tree from each version is then combined to obtain a final prediction (Chen, 2004).
Based on the name, it can be estimated that there are two main stages in this analysis, namely
bootstrapping which is nothing but sampling from the sample data held (resampling) and
aggregating, which is to combine many estimated values into one estimated value. Thus the
process of making a bagging guess using a tree is as follows:

1. a. Drag a random sample of size n from the training data set (bootstrap step)
b. Arrange the best trees based on the data obtained in a.
c. Repeat steps a-b k times, so you get k random trees

2. Estimate the aggregate based on the k trees, for example using the majority vote for the
classification case, or the average for the regression case (Chen, 2004). Mentioned that in
addition to using the concept of majority vote to combine estimates from many trees, it is also
possible to use the sum of the estimated odds for each class. It is important to remember that
the guess produced by a tree can be an opportunity value. In the illustration above it can be
stated how many chances of “Yes” and how many for “No”. From each tree the probability of
each response category can be calculated, and then added up. The category with the greatest
number of chances is the category that is the final guess.

(Arrahimi et al., 2019). States that the summation can be done by giving a certain weight to the
probability value of each tree, for example using the entropy value. The use of bagging is very
helpful, especially in overcoming the instability of the classification tree and single regression
as previously mentioned. Explained that the bagging process can reduce the standard error
generated by a single tree. This can be clearly seen because by doing the average, for example,
the variety of assumptions will be reduced, while the level of bias in allegations is not affected.

In addition, noted that in the many data sets he tried, bagging was able to reduce the
misclassification rate in classification cases. This of course does not apply as a whole noted
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several cases where the allegation of bagging had a greater range of suspicions or a greater bias.
This occurs, among others, in cases with very unbalanced response variable categories and also
in conditions of explanatory variables whose distribution has a high degree of elongation.
Regarding how many bootstrap iterations are required, a study from showed that using bootstrap
repetitions 50 times for classification cases and 25 times for regression cases can provide
satisfactory results. disclosed the results of their study that to obtain good bagging results, it is
not necessary to take samples with recovery (sampling with replacement) repeatedly, but it can
be done without recovery (sampling without replacement) if the sample size is large enough.

Adaptive Boosting Technique (Adaboost). Boosting is one of the popular methods used in
machine learning. Boosting itself is designed for problems related to classification and is
applied to weak classifiers. Adaptive Boosting (Adaboost) is a boosting algorithm developed
by Freund and Schapire in 1996 for use with classifiers. Adaboost can improve the accuracy of
various classification methods such as Decision stumps, Decision trees, Multi-Layer
perceptrons and Support Vector Machines (SVM). Adaboost is a method that combines standard
classifiers where it is iteratively constructed from a weighted resampling sample, with Weights
are adjusted adaptively at each step to give increased weight to misclassified cases. Following
are the advantages of using adaboost according to (Larose, 2006). Adaboost works by giving
more weight to objects that are not properly classified by a weak classifier which is denoted by
h(x;) and then these weak classifiers will be combined to form a strong classifier (final
classifier), which is denoted by H(x;). This method begins with initializing the initial weights
of the training data {(xl-, Viy 0r (XN, yN)} where Ye{—1,1} ach object will be given the same
weight w, (i) If the training data consists of N objects, then the initial weight for each object is
% , then weights are used for resampling the data at each subsequent step, depending on the

degree of misclassification of classifiers made in the previous step.

The following is the classification error formula in equation (1.1) which is denoted by &;.
n

e = ) w1y # b () (.1
i=1

Weights are denoted by w; and I(yl- * ht(xi)) is an indicator function with a value of 1

if y; # h:(x;) and has a value of 0 if y; = h;(x;) then calculate the weighted voting with the
formula presented in equation (1.2).

2, = =ln (1 — Ef) (1.2)

2 &

Furthermore, the weighting votes will be calculated a; on the weak classifier h;(x) which then
a; used to update the weights. In the next step, the formula is presented in equation (1.3).
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Wern (i) = we (i) eXp(—Zrtxt yihe(x;)) (1.3)

Where,

<1 y;=hx;) (1.4)

exp(—a; yihe(x;)) = {> 1 y; # he(x;)

N
Zy = Z we (i) exp(—at yiht(xi))
i=1

In equation (1.4) it can be seen that the weighting of training data that is incorrectly classified
will have a value of more than one while the weighting of training data that is correctly
classified will be less than one. In equation (1.4) Z; is a normalized constant so that w; 4 (i)
will be the distribution. The Adaboost algorithm will generate weak classifiers by practicing the
next lesson based on the errors previously obtained. After the above steps continue until the T
iteration, a strong classifier will be produced with the formula presented in equation (1.5)

T (1.5)
Hx) = sgn (2 atht<xi)>

t=1

In equation (1.5) H(x;)is a combination of classifiers which is calculated as the sum of the
weighted voting signs of T steps, Adaboost must be run for a long time at least as many as 1,000
steps, in order to obtain an increasingly convergent error rate. In this study, the steps taken in
the Adaboost algorithm are as many as 1,000 steps, this is based on the opinion of (Wezel &
Potharst, 2005).

Boosting. The boosting algorithm is an iterative algorithm that gives different weights to the
distribution of training data at each iteration. Each boosting iteration adds weight to the
misclassified examples and decreases the weights to the correct classification samples, thereby
effectively changing the distribution of the training data (Machova et al., 2006). Boosting
method (AdaBoost) proposed (Berry & Linof, 2004) with selective costing ensemble can be a
more effective solution to the class imbalance problem and allows to improve the identification
of difficult minority classes and maintain the classification ability of the majority class. The
approach to overcome this problem can be done by several methods (Weiss, G. M., McCarthy,
K., & Zabar, 2017), namely over-sampling, under-sampling, and cost-sensitive. The boosting
technique scheme can be seen in Figure 2.
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Figure 3. Schematic of the boosting technique
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Calculation of Accuracy. Evaluation is the process of testing the performance of the
classification algorithm used. In general, the classification algorithm performance evaluation.
using confusion matrix (Max, 2007). Evaluation with confusion matrix will produce accuracy,
sensitivity, specificity and G-mean values. Accuracy in classification is the percentage of
accuracy of data records that are classified correctly after testing the classification results (M.
Han, J., 2006). Specificity of the proportion of negative cases correctly identified. Recall or
sensitivity is the proportion of positive cases correctly identified (Powers, 2011). While the
geometric mean (g-mean) is one of the most comprehensive measures to evaluate the
performance of classification algorithms, especially in the problem of class imbalance in the
dataset. Gmean can show the overall accuracy of minority class accuracy and majority class
accuracy (Y. Pristyanto, 1. Pratama, 2018). The following is the equation for calculating
accuracy, specificity, sensitivity, and G-mean (M. Han, J., 2006).

TP+TN TP TN
—, Sensitifity = Specitifity =
TP+TN+FP+FN ’ fity tprrn ’ OP fity TN+FP

Accuracy =

G — Mean = Sensitifity * Specitifity
TP+TN
N

Total accuracy rate (1 — APER) = %X 100%

Information:

TP = True Positive: is the number of positive records classified as positive.
FP = False Positive: is the number of negative records classified as positive.
FN = False Negative is the number of positive records classified as negative.
TN = True Negative is the number of negative records classified as negative.

N = Number of observations
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Table 1. Confusion Matrix for Accuracy

Prediction Class

Actually Cl

ctually Class On time Not on time
On time TP FN

Not on time FP ™

Classification and Regression Tree. Classification and Regression Tree (CART) is one of the
decision tree algorithms. CART was developed to perform classification analysis on response
variables, both nominal, ordinal, and continuous. CART generates a classification tree if the
response variable is categorical and generates a regression tree if the response variable is
continuous. The main objective of CART is to obtain an accurate data set as a characteristic of
a classification (Timofeev, 2004). According to (Lewis, 2000), CART has several advantages,
namely the results are easier to interpret, more accurate and faster in calculation, besides that
CART can be applied to data sets that have large numbers, very many variables with a mixed
variable scale through the binary sorting procedure.

4. Finding and Discussion

Data Selection. Data Selection data used came from the Academic Information System database
at Klabat University. The attributes used are student identification number, grade point one to
four semesters, number of credits taken in semesters one to four and length of study.

Pre-processing / Cleaning. Four data were deleted because there were empty values in the
attribute. Data that has gone through the cleaning stage can be seen in Table 2.

Table 2. Cleaning data

No NIM SKS Semester IPS gﬁfﬁ
1 2 3 4 1 2 3 4 (Semester)
1 Students 205 9 - 10 13 2,17 - 1,85 1,96 13
2 Students 101 - - 16 23 - - 3,5 3,33 4
3 Students 61 16 3 10 8 2,53 0,00 2,25 2,94 13
4  Students 238 16 9 - 21 3,03 3,61 - 2,81 14

Transformation. Data is converted into an appropriate form so that the data mining process can
be carried out. In the length of the study period, it is determined that for 8 and 9 semesters, the
class is classified as “On time” which is written as classification class “A” and for those who
are above 9 semesters are included in the “Not on time” class which is written in the class of
classification “B”. The data that has been transformed is divided into two parts, namely training
data and testing data. The training data amounted to 146 data consisting of students from class
2016-2018 and testing data totaling 49 students.
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Algorithm CART with Bagging Techniques. The training data is divided into 10 bagging where
each data on the bagging is taken randomly from the initial training data and the amount is the
same as the amount of data in the initial training data. For each bagging, the CART algorithm
is calculated which then produces one decision tree for each bagging. In the data mining process
using the CART algorithm with this bagging technique produces 10 different decision trees.
After obtaining 10 decision trees, the next step is to classify the testing data into each bag that
contains the CART algorithm. Determination of the final classification by voting uses the class
classification that appears the most in the testing data in the 10 bagging. The classification
results can be seen in Table 3.

Table 3. The results of the testing data classification using the CART algorithm with the bagging
technique

Bagging Prediction
No NIM class
1 2 3 4 5 6 7 8 9 10 Bagging
1 Students 3 B B A B B A B B B B B
Students 4 B B A B B A B A B B B
3 Students 6 B B B B B B B A B B B

49 Students105 A A A A A B A A A A A

Algorithm CART with Boosting Technique. First of all the training data is weighted with the
initial weight D (i) i{) = 0.006849 Then the data is taken randomly into boosting 1 which is
taken from the training data. Boosting data 1 can be seen in the Table 4.

IP Semester SKS Semester Classification
No NIM 1 2 3 4 1 2 3 4  Class
73 Students 211 3,48 290 3,53 3,58 21 24 20 24
98  Students 23 2,57 3,17 3,02 3,33 21 21 23 24
38  Students 219 2,43 2,55 2,64 3,05 21 19 22 21
8 Students 11 2,71 1,50 294 245 21 21 16 20
25  Students 201 2,86 293 3,65 3,31 21 21 24 24

W w>w

130 Students 233 2,36 1,78 3,03 2,75 21 18 15 24 B

Furthermore, the CART algorithm is calculated on boosting 1 and the boosting 1 decision tree
is obtained.Then the initial training data test is carried out on the decision tree produced by the
CART algorithm on boosting 1. The results of the training data classification on boosting 1 can
be seen in Table 5.
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Table 5. Results of training data classification using CART algorithm on boosting 1

IP Semester SKS Semester Actual Classification
No  NIM 1 2 3 4 1 2 3 4
1 Students 1 2,79 2,98 3,48 3,00 21 21 21 24 B B
2 Students 2 2,79 2,55 3,71 323 21 21 19 24 B B
3 Students 3 2,36 1,17 1,65 291 21 18 13 16 B B
146 Students 11 3,30 2,78 3,25 3,56 22 18 14 17 B B

After obtaining the results of the training data testing. Then calculate the error value (&;) from
the predicted class results that are not the same as the actual class The results of testing the
training data using the CART algorithm results on boosting 1, there are 42 different data. &, =

22 = 0.287671 then determine the alpha value on boosting 1 a; = Zln (M) =
146 2 0.287671

0.453361 After getting the Alpha value on boosting 1, then updating the weight of each data
De(i) {exp(_at) if he(x;) = }’i}
ze — lexp(—ag) if he(x;) # i

in the training data with the following equation D, (i) =

The training data weight updates can be seen in Table 6.

Tabel 6. Pembaruan bobot setiap data pada data training setelah boosting 1

IP Semester SKS Semester . .
No NIM ) ) 3 4 L 2 3 4 D, (i) Diy1(0)
1 Students 1 2,79 298 348 3,00 21 21 21 24 0,00685 0,004808
2 Students 2 2,79 2,55 3,771 3,23 21 21 19 24 0,00685 0,004808

3 Students 3 2,36 1,17 1,65 291 21 18 13 16 0,00685 0,004808

146 Students 11 3,30 2,78 3,25 3,56 22 18 14 17 0,00685 0,004808

Then the data is taken randomly to become boosting 2 which is taken from the training data,
but the data that has a greater weight has a greater chance of being selected as well. Furthermore,
repeating the same process as boosting 1 for 10 boosting so that 10 decision trees are obtained
from the CART algorithm and 10 alpha values generated from each training data test for each
boosting. After obtaining 10 boosting, it will be tested using data testing for each CART
algorithm on each boosting that has been found. The results of testing data on the CART
algorithm with the boosting technique can be seen in Table 7.

Table 7. Results of testing data testing on the CART algorithm with the boosting technique

Bagging Prediction
No NIM class

1 2 3 4 5 6 7 8 9 10 Bagging
1 Students 3 B B B A B A B B B B B
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2 Students 4 B B B A B A B A B B B
3 Students 6 B B B A B B B A B B B
49 Students214 A A A A A B A B B A A

The final classification of the

T
H(X) = Sign (Z atht(X)>

t=1

boosting technique uses the following equation.

The classification that results in A is positive and B is negative. Then multiplied by the alpha
value of each boosting. Then add up all the products. If the final result H (x) is positive then the
final classification is worth A, if the final result H (x) is negative then the final classification is
worth B. The final classification on Boosting can be seen in Table 8.

Table 8. Final classification of CART algorithm with boosting technique

acHy (X)

No NIM H(X) Predic_tion Class
1 2 3 4 5 6 7 8 9 10 Boosting
1 Students3  -045 -0,68 -039 056 -058 -0,68 -0,66 -040 -058 -045 -430 B
2 Students4  -045 -0,68 -039 056 -058 -0,68 -0,66 -040 -0,58 -045 -430 B
3 Students6  -045 -0,68 -039 056 -058 -0,68 -0,66 -040 -0,58 -045 -430 B
4  Students8  -045 -0,68 -039 056 -0,58 -0,68 -0,66 -040 -058 -045 -430 B
5  Students11  -045 -0,68 -039 056 -0,58 -0,68 -0,66 -040 -0,58 -045 -430 B
S B
49 Students214 045 068 039 056 058 068 066 040 -058 045 345 A

Evaluation is done using confusion matrix method. The following confusion matrix from the
classification results in testing data can be seen in Table 9.

Table 9. Confusion matrix classification results on testing data

TP FN FP TN
CART Algorithm 10 6 4 29
CART  Algorithm  with  Bagging 10 6 3 30
Techniques
CART  Algorithm  with  Boosting 13 3 3 30
Technique

The comparison of the evaluation results from the CART algorithm, the CART algorithm with
the bagging technique, and the CART algorithm with the boosting technique using the
confusion matrix can be seen in Figure 3.
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Figure 3. Percentage evaluation using confusion matrix
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5. Conclusion

The accuracy value of the overall classification of the student study period uses the CART
algorithm of 79.592%, the CART algorithm with the bagging technique of 81.633%, and the
CART algorithm with the boosting technique of 87.755%. The accuracy value for the minority
class, namely class "A" or "On time" seen from the recall value, the CART algorithm
classification model with the boosting technique is the best classification model among the three
studied classification models to overcome the unbalanced class, namely 81.25 %.
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