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proposed method decreases the mean squared error (MSE)
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1. INTRODUCTION

Education today is one of the most important and fundamental aspects of society. Its
function is to advance the development of individuals in both academic and financial
terms. A person who has received an education should be able to make beneficial
contributions not only to his or her own family but also to society and the community.
All of this can be achieved through a proper learning process (Purwaningsih &
Nurelasari, 2021). In creating skilled, knowledgeable, competitive, and innovative
human resources, educational institutions are expected to organize a superior and
quality education process for their students. Therefore, to realize this, it is necessary
to implement school exams or national exams which aim to assess graduation at each
level of education and become a quality standard in educational institutions
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(Christanto, Sutresno, Denny, & Dewi, 2023). Participants can be considered
graduates if they have completed their study period, obtained positive grades in the
aspects of attitude or behaviours with a minimum of good categories, and took exams
held by authorized agencies or education units. To assess exam results and student
graduation, it is important to evaluate the quality as well as areas where students may
face difficulties in the learning process Pandey & Taruna (2016) Therefore, we strive to
always support students who are struggling with learning in the education
unit/program (Altujjar et al., 20106).

Student achievement, development, and potential play a crucial role in
evaluating learning outcomes, determining appropriate learning materials, and
designing appropriate learning activities. Unfortunately, current work does not provide
adequate analytical tools to assess student performance, identify factors that influence
their performance, comprehend how students can advance and evaluate if they have
the capacity for improvement Yang & Li (2018). Many factors contribute to a student’s
pass rate. One of the main factors is daily grades, which have an impact on exam
results. However, in projecting a student’s graduation progress, other factors also play
an important role, including behaviors and discipline levels, which also influence the
outcome. An increase in the student pass rate within an educational unit/program
may increase the reputation and popularity of the unit/program (Altujjar et al., 2016).
Conversely, if the pass rate within an educational unit/program decrease, this may
have an impact on the attractiveness of potential new students who wish to join the
unit/program. Therefore, it may cause concern for the education program” (Sianturi,
2018).

Since the importance of predicting student graduation is great, it is necessary
to forecast student graduation rates for the next period in order to maintain and
improve the success rate of students in completing their education. Forecasting is a
technique that can be used to project future student graduation results. The
application of machine learning can be utilized to forecast student graduation by
using historical data as material to train the model. This model is created to
accurately forecast students’ future graduation outcomes. One technique that is often
used in machine learning is Random Forest, which has various applications in tasks
such as classification, regression, and many other related tasks. It belongs to the
group of ensembles learning techniques, which combine multiple decision trees to
improve prediction accuracy. In addition, Random Forest is a powerful machine
learning algorithm that has a wide range of applications, such as forecasting stock
prices, predicting student graduation, and performing disease diagnosis. The main
points that can be drawn from this research are as follows: (1) Assessing the Mean
Squared Error (MSE) levels from prior research involving various machine learning
models such as Linear Regression, Decision Tree, Ridge Regression, Lasso Regression,
KNN, and Random Forest. (2) Apply the Random Forest approach to forecast student
graduation. Random Forest combines a number of decision trees by training the model
on existing data. This approach is often used because it has a low error rate and
provides high-accuracy results Louk & Tama (2022). (3) Perform hyperparameter
tuning to find the most effective value in the Random Forest method. (4) Comparing
the error rate and accuracy results of the hyperparameter tuning experiments that
have been run on the Random Forest method.

Forecasting, Forecasting, often referred to as forecasting, is the result of
projecting or predicting future values based on historical data (Sinaga et al., 2018).
According to John E. Biegel (1999), forecasting is the act of projecting the anticipated
level of demand for one or more products over a specified period of time in the future
(Jungmeier, 2017). According to Buffa S. Elwood (1996), forecasting is the application
of statistical techniques to create a picture of the future based on analysis of historical
data (Putra et al.,, 2020). Prediction or forecasting can also be explained as the
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systematic step of making estimates of what is likely to happen in the future, based on
current information, with the aim of reducing the error between what is predicted and
reality (Herdianto, 2013). But this does not mean that after understanding these
techniques, we can predict everything with precision, but rather that we only
understand certain techniques that are relevant for certain situations(Christanto,
Sutresno, Simi, Dewi, & Dai, 2023). When selecting a forecasting approach, it is
crucial to take into account the nature of the data pattern and opt for the method that
best fits that pattern (Hosoe et al., 2021). In addition, prediction is the act of
projecting the future value of a variable based on past data and relevant factors. It is a
crucial element of decision-making in various industries, such as finance, marketing,
and operations management Thakkar & Chaudhari (2021). The application of
forecasting also covers a wide range of applications, such as sales forecasting, demand
estimation, and stock management (Ren et al., 2020).

Random Forest, In 2001, Breiman introduced the Random Forest algorithm,
which was able to address two types of problems, namely classification and regression
(Hidayat et al., 2023). Random Forest is an evolution of the Classification and
Regression Tree (CART) method, which utilizes bagging or bootstrap aggregation
techniques and random feature selection (N. K. Dewi et al., 2012). The random forest
algorithm process involves two stages: in the first stage, “k” trees are created to form a
random forest, while in the second stage, this random forest is used to generate
predictions (Suliztia, 2020). The Random Forest method can also improve accuracy by
randomly generating child nodes for each parent node. This model, which is based on
a tree structure, operates by iteratively classifying the initial dataset into two
subgroups using specific criteria, until it reaches a predefined stopping condition, as
illustrated in Figure 1 Schonlau & Zou, (2020). This method entails creating a decision
tree structure comprising a root node, internal nodes, and leaf nodes through the
random selection of attributes and data following relevant guidelines. The topmost
node of this decision tree, also known as the root, is located at the top of the tree
(Sarker et al., 2020). Internal nodes refer to nodes that are divided into branches, have
one input, and at least two outputs. On the other hand, a leaf node, also called a
terminal node, is the last node that receives a single input and produces no outputs”
(Adebowale et al., 2013).

Random Forest Classifier

Figure 1: Random Forest Architecture

Predictions in the regression case are based on the average value of each tree.
Formula (1) is used to calculate the average value of all tree predictions.

P, = —— ymee g, (1)

Neree <=1

Description:
Y, = Final prediction results
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Niee = The overall quantity of trees within the Random Forest
Y, = n-tree prediction results

In Random Forest, the parameter "n_estimators" specifies the quantity of
decision trees utilized in constructing the model. The more estimators used, the higher
the accuracy of the model, although this may require more computational time and
memory usage (Jun, 2021). The addition of estimators usually results in a model that
better fits the training data as each decision tree is trained with a different subset of
data and features. However, there is a limit where increasing the number of estimators
may provide little benefit or even lead to overfitting (Tian et al., 2020).

The optimal value of the hyperparameter n_estimators depend on the dataset
used and the specific task. Usually, a standard practice involves commencing with a
modest number of estimators and progressively raising it until the model attains a
desired level of performance during validation or testing, or until performance starts to
decline (Probst et al., 2019). Cross-validation techniques can also be used to adjust
the value of n_estimators as well as other hyperparameters. Overall, n_estimator is a
very important hyperparameter in Random Forest that affects both the performance
and complexity of the model (Contreras et al., 2021). In the context of this experiment,
selecting an appropriate value for this hyperparameter is a key step in building a
precise and efficient Random Forest model.

Mean Squared Error (MSE), MSE (Mean Square Error) is a metric that
measures the average of squared errors. In this error calculation, larger values will be
penalized more than smaller values, as the calculation involves squaring. MSE is a
different evaluation method to measure the performance of forecasting methods. In
this method, individual errors are taken, squared, and then calculated. This approach
places more emphasis on large errors because they are squared. The outcome is the
mean of the squared disparity between the predicted value and the actual value. One
criticism of using MSE is that it tends to place greater emphasis on large differences
due to the squaring process (Azmi et al., 2020). This can be seen in the following
equation Lusiana & Yuliarty, (2020).

MSE =y, ~ cft )

n
Description :
A, : Realized need during period-t
F, : Predicted demand for period-t
n : Quantity of demand intervals included
1.4. R-2 Squared (R2)

The R-squared or R2 is a mathematical metric that quantifies the degree to which
changes in the dependent variable can be clarified by the independent variables
incorporated in the regression model. Frequently termed as the coefficient of
determination, it signifies how closely the values forecasted by the regression model
align with the actual data points situated on the regression line. The accuracy of the
equation that has been constructed is assessed through a comparison between the
value predicted by the model and the actual observed value (Cominotte et al., 2020).
The R2 value spans from O to 1, where O signifies that the model doesn't align well
with the provided data, and 1 signifies a perfect fit between the model and the data.
The calculation of R2 is done with the following formula (Afzal et al., 2021):

n — 2
R — \/1 _ Z:x'=1 (VOt Vop) (3)

22:1 (Vot(mean)_ Vop) 2
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Formula (3) above uses the symbol n to represent the number of data points,
while V,, and V,, refer to the expected estimates derived from the regression model and

the actual measurements of the output.
2. RESEARCH METHOD

2.1. Research Design

This section will provide an explanation of the general framework within which
this research was conducted. The flowchart of this research will be illustrated in
Figure 2, which depicts a number of steps involving a series of experiments. The first
step is the collection of a dataset from the website www.kaggle.com. This dataset
encompasses information on the mathematics performance of high school students,
encompassing their grades and demographic details. The data was gathered from
three high schools situated in the United States. The data has eight attributes
consisting of gender, race/ethnicity, parental education level, lunch, test preparation
courses, math scores, reading scores, and writing scores with a total of 1000 data
(Kaggle - Rattanaporn, 2023). Next, the modelling process involves implementing the
Random Forest technique. Random Forest is a supervised machine learning algorithm
that employs the concept of iteratively utilizing decision trees to create an ensemble or
set of models. This algorithm combines predictions from various decision trees
(Ganatra, 2020). Previously, there have been experimental efforts using various
methods such as Linear Regression, Decision Tree, Ridge Regression, Lasso
Regression, KNN, SVR, and Random Forest with similar datasets. The results of these
experiments show that the Random Forest method produces the highest level of
accuracy and has the lowest error rate. Third, the hyperparameter tuning stage is
performed on the Random Forest algorithm. This tuning process involves finding the
optimal hyperparameters for the learning algorithm on a specific dataset (Amusa et
al., 2021). Hyperparameters may include determining the quantity of trees in the
forest or the maximum number of nodes per tree. This requires iterative testing and
adjustment to find the optimal configuration (Siji George & Sumathi, 2020). In the
pursuit of the most suitable hyperparameter settings, a range of parameter
combinations are empirically examined. Ultimately, the outcomes of this
hyperparameter tuning process are assessed, and the best parameters are chosen
based on the attained level of accuracy.

Dataset Inpu Multgle method inputs Best Method Random Forest Bast MSE and R2
) selection Hypermater Tuning values

Figure 2: The Research Workflow

2.2. Dataset

This research evaluates the performance of learning algorithms using the
Student Performance Prediction dataset. The dataset was sourced from Kaggle and
comprises information gathered from three American high schools. The dataset used
consists of 1000 data and 8 features. An example of the Student Performance
Prediction dataset used can be seen in Table 1.

Table 1: Student Performance Prediction Dataset

Gender  Race Parental Lunch Test Math Reading Writing
level of Preparation Score Score Score
education Course
Female Group Some Standard Completed 59 70 78
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D College

Male Group Associate’s Standard None 96 93 87
D Degree

Female Group Some Free/Reduced None 57 76 77
D College

Male Group Some Free/Reduced None 70 70 63
B College

Female Group Associate’s Standard None 83 85 86
D Degree

Columns from Table 1 can be explained as follows: (1). Gender : The student's
gender (male/female). (2) Race/ethnicity : The student's cultural or ethnic heritage
(Asian, African-American, Hispanic, etc.) (3) Parental level of education : The highest
educational achievement reached by the student's parent(s) or guardian(s). (4.) Lunch
: Does the student qualify for free or discounted lunch (yes/no)? (5). Test Preparation
Course : Did the student finish a test preparation course (yes/no)? (6). Math Score :
The student's result on a standardized math assessment. (7) Reading Score : The
student's performance on a standardized reading assessment. (8) Writing Score : The
student's result on a standardized writing assessment.

srwler et

=

T

recorrtencdy

(a) Gender (b) Race/Ethni
Count city Count
Figure 3: Gender and Race/Ethinicity Count

Figure 3 (a) presents a count of the genders, which reveals that there are 508
male records and 492 female records among the collected data. In addition, the count
of the races is presented in Figure 3(b), which shows that Group C has 323, Group D
has 257, Group B has 198, Group E has 143, and Group A has 79.

[ —— [E— = y—
Breaw o -

Figure 4: Parental Level of Education Count

Figure 4, which shows that Some College has 224, High School has 215,
Associate's Degree has 204, Some High School has 177, Bachelor's Degree has 105,
and Master's Degree has 75.
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Count
Figure 5: Lunch and Test Preparation Count

Figure S5 (a) presents the lunch count, which shows that there are 660
standard and 340 free/reduced. Then, in figure 5(b) the number of test preparations,
which shows that 656 were missing and 344 were completed.

3. RESULTS AND DISCUSSIONS

At this stage, the results of the experiments conducted are described. This study
assesses the effectiveness of the learning algorithm utilizing the Student Performance
Prediction dataset. The first experiment was conducted by comparing the error rate of
previous research with several other methods. The model used in previous research by
Hdevlet was Linear Regression with an MSE value of 1.38 (Kaggle - Rattanaporn,
2023).

MSE Accuracy of Student Performance Prediction

Dataset
5
4,0300195
4
3 3,1571478
A 2,4518033
2, 1,4678025
1 1,3800817
0,5614037

0 0,6550775 0,5525155

Ridge Linear  Decision Lasso KNN SVR Neural Random

RegrresionRegression  Tree  Regression Networks Forest

Figure 6: MSE results using Student Performance Prediction Dataset

Figure 6 shows the error rate results of the Student Performance Prediction
dataset using various machine learning methods. The experimental results presented
in Figure 6 use several machine learning methods such as Ridge Regression, Linear
Regression, Decision Tree, Lasso Regression, K-Nearest Neighbors (KNN), Support
Vector Regression (SVR) and Random Forest. Based on the experimental results, the
smallest error value is obtained using the Random Forest method with an MSE value
of 0.5525155. In conclusion, it can be concluded that the Random Forest method
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outperforms other methods, based on the experimental results obtained and previous
studies using the same dataset.

The next experiment is adding/replacing parameters. The methods to be
compared are the same as the previous experiment, namely Ridge Regression, Linear
Regression, Decision Tree, Lasso Regression, K-Nearest Neighbors (KNN), Support
Vector Regression (SVR), Neural Networks and Random Forest. The values to be
compared are the accuracy value using R2 Score and the error value using MSE. The
accuracy and error rate results are shown in Table 2.

Table 2: Accuracy and MSE results after parameter addition /replacement.

Method MSE R2 Score
Ridge Regression 2,9530154 0,9999999
Linear Regression 1,0132924 1,0
Lasso Regression 0,6377381 0,9999748

Decision Tree 1,3619781 0,9893406
KNN 0,5766570 0,9983844

SVR 4,0300195 0,8923635
Neural Networks 2,4518033 0,9783421
Random Forest 0,5525155 0,9984039

From the experimental results presented in Table 2, it can be concluded that
Random Forest is the optimal method with the smallest MSE value of 0.5525155 and
R2 Score value of 0.9984039. Therefore, it was decided in this study to model using
the Random Forest method with the Student Performance Prediction dataset that had
changed its parameters. After forming a model using the Random Forest method, the
next experiment is to adjust the Random Forest hyperparameter value to improve
accuracy results and reduce the error rate. The hyperparameter to be adjusted is the
n_estimator parameter. In addition, n_estimator is the number of trees with increasing
gradient (Ganatra, 2020). This experiment will try to change the value of the
n_estimator parameter, and the results will be shown in Table 3.

Table 3: Evaluation of hyperparameter tuning using Student Performance Prediction Dataset

Method MSE R2 Score
Random Forest 0,5525155 0,9984039
Random Forest (n_estimator 0,5630736 0,9983352
= 200)

Random Forest (n_estimator 0,5463999 0,9984363
= 500)

Random Forest (n_estimator 0,5464604 0,9983942
= 1500)

Random Forest (n_estimator 0,5417357 0,9984624
=2000)

Random Forest (n_estimator 0,5374983 0,9984873
= 1000)

The experiments presented in Table 3 are hyperparameter tuning experiments
for Random Forest by trying several values. The first row represents the Random
Forest method without the n_estimator hyperparameter. Next, hyperparameter tuning
experiments were conducted by entering n_estimator values of 200, 500, 1000, 1500,
and 2000. From the results shown in Table 3, Random Forest with an n_estimator
value of 1000 can minimize the MSE value from 0.5417357 to 0.5374983 and increase
the R2 Score value from 0.9984624 to 0.9984873. Therefore, it can be concluded that
Random Forest with an n_estimator value of 1000 is the best method when compared
to other experiments. In other studies, several n_estimator values were also used,
such as 50, 100, 200, 500, and 1000. The best model obtained also uses an
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n_estimator of 1000, resulting in an accuracy value of 0.9984 (Agustina et al., 2022).
The next stage involved experimenting on the Random Forest model with n_estimators
of 1000 by utilizing a variety of different datasets. The aim of this experiment is to
verify that the model created with Random Forest and an n_estimator value of 1000
maintains a consistently high level of accuracy across diverse datasets. Table 4
furnishes an in-depth overview of the datasets employed in our experiments.

Table 4: Dataset Descriptions

No Dataset Instance Feature Year
1 Student Performance Prediction 1000 8 2023
(Kaggle - Rattanaporn, 2023)
2 Student Performance — Math 395 33 2014
Course (Paulo Cortez, 2014)
3 Student Performance — Portuguese 649 33 2014
Language Course (Paulo Cortez,
2014)

Table 5: Evaluation of hyperparameter tuning using Student Performance - Math Course

Dataset
Method MSE R2 Score
Random Forest 0,3010254 0,9930548
Random Forest (n_estimator = 200) 0,2926249 0,9934225
Random Forest (n_estimator = 500) 0,2874371 0,9936465
Random Forest (n_estimator = 1500) 0,2913178 0,9934808
Random Forest (n_estimator = 2000) 0,2900142 0,9935404
Random Forest (n_estimator = 1000) 0,2870738 0,9936469

Table 5 shows the hyperparameter tuning evaluation results on the Student
Performance - Math Course dataset. In addition, Random Forest with n_estimator
1000 successfully reduced the initial MSE value from 0.3010254 to 0.2870738 and
increased the R2 Score value from 0.9930548 to 0.9936469.

Table 6: Evaluation of hyperparameter tuning using Student Performance - Portuguese
Language Course Dataset

Method MSE R2 Score

Random Forest 0,4093905 0,9804961
Random Forest (n_estimator = 200) 0,4085096 0,9805879
Random Forest (n_estimator = 500) 0,4169781 0,9797218
Random Forest (n_estimator = 1500) 0,4082918 0,9806146
Random Forest (n_estimator = 2000) 0,4108604 0,9803311
Random Forest (n_estimator = 1000) 0,3989063 0,9814939

The evaluation results of hyperparameter tuning on the Student Performance -
Portuguese Language Course dataset can be seen in Table 6. The dataset contains
649 instances and 33 features. From the results presented, it can be concluded that
the Random Forest model with n_estimator 1000 is still the best compared to other
models. The Random Forest model with n_estimator 1000 can minimize the initial
MSE value of 0.4093905 to 0.3989063 and the R2 Score value increases from
0.9804961 to 0.9814939.

In general, a higher MSE level reflects poor performance, while a lower level is
considered an indicator of better performance. Conversely, higher R values are usually
considered a sign of better performance than lower ones. When the R value is 1, it
indicates that the regression model fits the observed data very precisely Dewi & Chen,
(2019). This study clearly shows a pattern of decreasing MSE values and increasing
R2 values in each trial on all datasets. Based on the evaluation results illustrated in
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Figure 7 the proposed method using Random Forest and n_estimator 1000 is able to
outperform the performance of other methods on each dataset. Random Forest with
n_estimator 1000 successfully minimizes the MSE value and maximizes the R2 Score
value.

Evaluation of Hyperparameter tuning using
Student Performance Prediction Dataset

Ranae ot I petimas 1YY T FIRART3

handom Forest |0 estimaton = 2000

¥ AT A TE LT
S PP — 154
) ) 30307 3b

A2 @MSE
Figure 7: Student Performance Prediction Dataset

Figure 7 describes the Student Performance Prediction Dataset. The optimal R2 and
MSE are achieved using Random Forest with n_estimator = 1000 with an R2 value of 0.9984873
and MSE of 0.5374983.

Evaluation of hyperparameter tuning using

Student Performance - Math Course Dataset

(0.99 364
0.99358M
0.9934808
(.99 36465
0.994422%

0,99 30548

Figure 8: Student Performance - Math course Dataset

Figure 8 describes the Student Performance with Math Course Dataset. The optimal R2
and MSE were achieved using Random Forest with n_estimator = 1000 with an R2 value of
0.9936469 and MSE of 0.2870738. The R2 value which was originally 0.9930548 increased to
0.9936469 and the MSE value which was originally 0.3010254 decreased to 0.2870738.
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Figure 9: Student Performance - Portuguese Language

Figure 9 describes the Student Performance with Portuguese Language Course Dataset.
In this dataset, the Random Forest method with n_estimator = 1000 is still the best. It can be
seen in the figure that there is no drastic decrease. Initially, the MSE value was 0.4093905 to
0.3989069.

4. CONCLUSION

The contibution of this study is to improve the accuracy compared to previous studies
by considering various alternative methods. Hyperparameters play a crucial role in
training a Random Forest. They determine the structure and behavior of the model.
Tuning hyperparameters can impact the model's performance, generalization ability,
and overall effectiveness in handling different datasets. Key hyperparameters include
the number of trees, tree depth, and the minimum samples required to split a node.
Proper tuning helps optimize the Random Forest for specific tasks, balancing between
underfitting and overfitting. The experimental results show that Random Forest has
superior performance compared to other methods. After selecting Random Forest as
the main method, the next step is to adjust the hyperparameters of this model to
improve accuracy and reduce error rate.In this research, the optimized parameter is
n_estimator. The hyperparameter tuning evaluation results, presented in Table 3,
Table 5, and Table 6, show that the recommended model is Random Forest with
n_estimator 1000, which successfully reduces the MSE value and increases the R2
Score value. For example, in Table 3, Random Forest with n_estimator 1000
successfully reduced the MSE value from 0.5525155 to 0.5374983 and increased the
R2 Score value from 0.9984039 to 0.9984873. This model tuning process is very
important because it can optimize the parameters to achieve the best accuracy. The
results from the simulation experiments prove the validity and accuracy of the
proposed algorithm. In future research, consideration of comparing different models
and updating the dataset may also be relevant options.
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