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ABSTRACT

The primary objective of this research was to develop and evaluate a machine learning prediction
system that matches Senior High School (SMA) Nusa Putra Kota Tangerang students with their po-
tential school majors based on their academic interests and performance levels. This research method
employs machine learning algorithms, including Random Forest, Support Vector Machine (SVM),
logistic regression, K-Nearest Neighbor (K-NN), and Naı̈ve Bayes, using academic records, interest
tests, and questionnaires for data collection. The data was processed and analyzed to train and test
the algorithm. The findings of this study indicate that the Random Forest algorithm achieved the best
performance among the models, with an accuracy of 85%, a precision of 82%, a recall of 88%, and
an AUC score of 0.92. The factors that affected the prediction of major selection were Grade XII
Mathematics scores and Science Interest Test results. The research implications suggest that Random
Forest technology within Machine Learning (ML) enhances major selection accuracy while promot-
ing fairness, providing superior educational choices, and increasing student satisfaction. Future studies
should investigate additional factors that influence this phenomenon.
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1. INTRODUCTION
Senior High School (SMA) Nusa Putra in Tangerang City conducts a rigorous selection process for its high school students,

which shapes their future academic and professional paths. Teachers, along with school counselors, base their major selection
decisions traditionally on multiple objective measures consisting of academic grades, student interests, and field study potential
[1]. The current approach to major selection produces improper placements, so students face academic problems while losing their
motivation and might even choose to leave school [2]. The absence of standard and reliable major selection criteria necessitates the
immediate implementation of scientific methods to enhance educational quality and improve student satisfaction. Scientific research
teams have developed different approaches to tackle major selection obstacles [1]. Developed career counseling through trait and
factor theory for high school major selection, yet their model depends significantly on personal opinions as a rating method [3–5].
The research conducted by [5] examined students’ perception of objective structured practical examinations (OSPE) in anatomy while
establishing the significance of student interest alignment in academic assessments but failed to develop a major selection prediction
model [6]. Cooperative strategies [7] for student Arabic learning potential growth while his work did not include major selection
analysis [7]. Digital escape rooms as an anatomy teaching method in veterinary medicine, although their study failed to predict major
selection patterns [8].

The educational implementation of machine learning technologies makes accurate predictions about university graduation out-
comes as well as student academic performance assessment [9]. These studies exclusively use individual algorithms, but this practice
restricts the universal applicability and reliability of their research because of insufficient algorithm comparison tests [10]. Applied
research is lacking in utilizing machine learning systems that combine academic results with student interest indicators to generate
precise high school major choices. Over the last five years, science journals have shown a growing interest in applying machine
learning and artificial intelligence to support educational choice. Predictive analytics serves as a field of examination in Computers
& Education and Journal of Educational Data Mining publications for studies about outcomes enhancement and educational pathway
enhancement [9]. Educational Psychology Review published research that examines how psychological assessments should pair with
data-driven tools for enhancing major selection processes [11, 12]. The advancement of predictive analytics needs to be accompanied
by extensive research focused on specific barriers that Indonesian high school students encounter during their major selection process
because of cultural factors.

Several investigations in machine learning have demonstrated the predictive value of models in educational institutions. Imple-
mented Random Forest algorithms to build a predictive model [13] that rates Indonesian university students’ chances of graduating
on time [13]. The researchers at [14] utilized Fuzzy C-Means together with K-Nearest Neighbors (K-NN) to forecast on-time gradu-
ation, which indicates why clustering [15] approaches matter for educational data research. The evaluation and assessment processes
within mathematics education gained support through machine learning applications that focused on data-driven decision-making
[16]. AI technology for organizational knowledge management shows the potential of AI for decision-making even though they are
not directly related to education [17]. The existing research has not addressed the central gap in high school major selection through
machine learning models, which would fuse academic performance data with student interest factors [11, 18]. Current research
typically focuses on university predictions or specific aspects of student performance, often neglecting the comprehensive combina-
tion of student capabilities and preferences. Multiple studies present their predictions using single algorithms, which reduces their
generalization capabilities and makes the results less robust due to the lack of comparative assessments.

The chief novelty of this research consists of building a comparative machine learning model that analyzes different algorithms
such as Random Forest and Support Vector Machine (SVM) along with logistic regression and K-NN and Naı̈ve Bayes to forecast
high school students’ majors based on their academic performance and interests [19]. The goal of this research is to develop an
unbiased, advanced decision-making tool for major choices, aiming to enhance educational quality and student satisfaction. The
objectives of this research are twofold: first, to develop and evaluate a machine learning model that can accurately predict students’
majors based on their interests and academic performance, and second, to compare the effectiveness of various machine learning
algorithms in achieving this goal. The contribution of this research to the development of science lies in its potential to provide a
more systematic and data-driven approach to major selection, which can be generalized to other educational contexts. By addressing
the limitations of previous studies and offering a novel comparative analysis of machine learning algorithms, this research aims to
enhance the decision-making process in high schools, ultimately leading to better educational outcomes for students.

2. RESEARCH METHOD
2.1. Research Design

This research employs a numerical quantitative model to evaluate various machine learning frameworks for forecasting student
major choices at SMA Nusa Putra. Data collection for the research begins with academic performance records from grades X to
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XII, along with interest test results from standardized measures and responses to interviews and surveys. The workflow also includes
existing major information stored in the school database. The Student Records dataset comprises 500 entries, each containing Math-
ematics marks, Science Interest Test scores, English grades, and subject selection preferences. Academic performance values form
one part of the data collection while recorded interests and selected majors comprise the other part. The data preprocessing process
comprises three main stages: cleaning to handle missing values and outliers, transforming scaled variables, encoding categorical
features, and performing feature selection through recursive feature elimination. Data preparation leads to a division that creates
training data (70%) and testing data (30%). The study evaluated Random Forest, Logistic Regression, SVM, Naı̈ve Bayes, and K-
Nearest Neighbor (K-NN) using Python, its Pandas library, and Scikit-learn tools. The evaluation methods for model performance
include accuracy, precision, recall, F1-score, and AUC, and a cross-validation procedure checks model robustness. Major prediction
modeling requires a comparison of the achieved results to select the optimum algorithm, as shown in Figure 1.

Figure 1. Effects of selecting different switching under dynamic condition

2.2. Data Collection

The research concentrated its data collection activities at SMA Nusa Putra in Tangerang City and analyzed academic data
alongside interest data and major data. Report card scores for grades X, XI, and XII served as the academic data that integrated
examination results with assignments and attendance in academic activities. The scores underwent a numeric conversion process
to make them suitable for machine learning system processing. The collection of interest data was conducted through standardized
interest and talent tests, as well as structured interviews and questionnaires. Students received numeric scores on their fields of study
interest through the interest and talent tests. Still, in-depth interview sessions enabled them to express their preferences and inter-
ests more thoroughly. The collection of student data about their chosen courses involved Likert-type questionnaires which captured
their favorite subjects among others. Actual majors selected by students, along with their academic results in those subjects, were
retrieved as part of the major data from the school’s database. The gathered information served as a reference material for assessing
the accuracy of the machine learning system. Data quality improvement was achieved by cleaning the collected data and performing
initial processing where missing data received mean substitution imputation and outliers received Z-score analysis treatment [20].
Existing databases were consulted to solve data inconsistencies through both cross-referencing methods and standardization tech-
niques, which standardized all datasets. The multi-step data aggregation method established a robust database that enabled accurate
major predictions through the training and testing processes of a machine learning model. The collected data will be cleaned and
processed to ensure data quality and consistency before being used in training and testing machine learning models. Missing data
will be handled using mean substitution imputation techniques while outliers will be detected and managed through Z-score analysis.

International Journal of Engineering and Computer Science Applications (IJECSA)



54 ISSN: 2828-5611

Additionally, data inconsistencies will be resolved by cross-referencing with existing databases and using standardization techniques
to ensure uniformity across all datasets.

2.3. Data Processing

The expected data must undergo several processing stages before reaching a suitable state for machine learning applications.
Data cleaning [21] begins by handling both missing and inconsistent values in the first step. Mean or median substitution methods
will address cases of missing data alongside outlier and inconsistent data, which will be identified and then treated by suitable
methods such as removal or transformation. After this phase, the data requires transformation to become suitable for usage with
machine learning tools. Data transformation occurs through data normalization, after which categorical variables are encoded using
one-hot encoding, and principal component analysis is employed to minimize dimensionality. Feature selection begins by identifying
important variables that will be used for prediction. The prediction accuracy-determining features will be identified by utilizing
recursive feature elimination or machine learning model feature importance methods. The data will be divided into separate training
and testing sets through a process of data splitting. Machine learning model training utilizes the training data, but the testing data
serves to assess its performance. Cross-validation approaches will confirm the model’s generalization ability, while both the training
and testing datasets will receive thorough consideration to represent the complete dataset.

2.4. Machine Learning Models

The investigation utilizes multiple machine learning algorithms to predict which major students will select at the SMA Nusa
Putra learning environment. The implementation of Random Forest analysis will be employed in this research because it performs
well in educational prediction tasks and effectively processes non-linear, high-dimensional data structures. Using Logistic Regression
as the supervised learning method will analyze major selection by producing results that reveal essential factors in shaping major
preferences. The final implementation tool will be SVM for determining optimal hyperplanes that separate data into different classes
when processing high-dimensional complex information. Naı̈ve Bayes will be included in this study since it maintains simplicity
while delivering acceptable results with high computational efficiency [22]. For simple and efficient data classification on small
or large datasets, K-NN serves as a non-parametric approach that determines results by measuring proximity to k neighboring data
points. The algorithms demonstrate optimal performance, as they can efficiently handle various data characteristics in complex
settings. Comparing various algorithms for predicting students’ academic majors at SMA Nusa Putra will result in the identification
of effective forecasting methods. To evaluate the performance of the machine learning model, a confusion matrix is used, which
includes True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). The accuracy formula uses
Equation (1).

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

3. RESULT AND ANALYSIS

3.1. Machine Learning Model Performance

An illustration of the cleaned and transformed data allows readers to follow the analytical data preparation process, which
addresses missing value handling, outlier treatment, and feature selection techniques. Random Forest proved to be the superior
scoring model among the other algorithms as it achieved 85% accuracy thus demonstrating a solid performance in managing complex
datasets and reducing overfitting risks. The least effective performance by Naı̈ve Bayes indicates the dataset does not match its feature
independence requirement. The evaluation of features revealed that major prediction success was largely dependent on Grade XII
Mathematics scores and Science Interest Test results. The predictive model worked reasonably well against the academic majors at
SMA Nusa Putra, but it presented certain inaccurate outcomes, which requires more research into the selection process of academic
paths. After training and testing the machine learning model with SMA Nusa Putra data, we present the performance results for each
algorithm in the following table. The data shown are the results of cross-validation with a number of folds, as shown in Table 1.
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Table 1. Performance results of each algorithm

Algorithm Accuracy Precision Recall F1-Score AUC
Random Forest 85% 82% 88% 85% 0.92

Logistic Regression 78% 75% 81% 78% 0.85
SVM 82% 80% 84% 82% 0.88

Naı̈ve Bayes 65% 62% 68% 65% 0.75
K-NN 75% 72% 78% 75% 0.82

The findings of this research are based on Table 1. Random Forest exhibits the best performance among all the algorithms
evaluated, achieving an accuracy of 85%. The effectiveness of Random Forest stems from its ability to handle high dimensional and
complex datasets while also preventing overfitting. Random Forest also demonstrates strong performance in distinguishing between
multiple classes, as indicated by its AUC score of 0.92. Conversely, Naı̈ve Bayes performs the worst, which implies that this dataset
may not be independent as suggested. These results confirm previous studies, which indicate that Random Forest outperforms other
classification methods in tasks with large feature counts [10, 21, 22]. It is still crucial to note, however, that model performance
depends on multiple aspects, such as data quality, the optimization steps applied to the data, and even the choices made during the
model’s training phase.

A confusion matrix served as the evaluation method to assess the performance of each machine learning algorithm, presenting
detailed results on the statistics of true positives, true negatives, false positives, and false negatives. This summary presents the
confusion matrices for every applied algorithm. The Random Forest confusion matrix yielded the most precise results, as it contained
the highest proportion of correct predictions alongside the lowest proportion of incorrect predictions. The student major prediction
success rate of Random Forest reached 85% naming it the most precise algorithm. Logistic Regression produced a confusion matrix
that demonstrated a medium level of true positive and true negative observations, together with several misclassification errors. The
obtained accuracy rate was 78%, indicating sufficient performance levels; however, Random Forest demonstrated better accuracy.
The SVM algorithm delivered true positive and true negative results effectively while producing lower misclassification counts than
Logistic Regression. SVM achieved 82% accuracy, ranking it as the second-best among the investigated algorithms. Naı̈ve Bayes
experienced a high number of misidentification errors as its confusion matrix showed many false positive and false negative results.
The prediction accuracy reached only 65% because the assumption of feature independence did not apply well to this particular
dataset. The K-NN confusion matrix displayed moderate true positive and true negative results together with several erroneous
classifications. The method achieved a 75% accuracy level, placing it between average and above-average performance results
among the tested algorithms.

The results of this research align with or support previous studies that highlight the effectiveness of Random Forest in educa-
tional prediction tasks. For instance, research by [9] demonstrated that Random Forest achieved superior results in predicting on-time
graduation in Indonesian universities, which aligns with the current study’s findings. Similarly, [17] it was found that Random Forest
outperformed other algorithms, such as Logistic Regression and K-NN, in text classification tasks, further validating the robustness of
Random Forest in handling complex datasets. However, the poor performance of Naı̈ve Bayes in this study contradicts some earlier
findings, suggesting that the assumption of feature independence may not apply to this dataset. The best results achieved by the
majors covered by students from SMA Nusa Putra were attained using Random Forest, reaching their highest possible achievements.
This is because this model offers an approach that provides very high accuracies and precision, as well as F1 scores, in terms of
metrics. Some of the reasons why Random Forest proves to be an effective modeling solution are its ability to address variables
in multiple dimensions and its avoidance of overfitting issues. Numerous research studies have confirmed that Random Forest has
emerged as an outstanding approach due to the great efficacy evident in academic prediction applications. With the involvement
of empirical research, [13] proved that Random Forest achieved superior results in predicting the timing of student graduation at
Indonesian colleges and universities with comparable accuracy.

This study confirms the findings from previous research, which demonstrate Random Forest delivers exceptional efficiency in
educational predictions. Based on empirical research [13] demonstrated that Random Forest produced outstanding results for on-
time graduation prediction in Indonesian universities with matching prediction accuracy. A study conducted by [23] proved that the
Random Forest algorithm demonstrated superior text classification results beyond other methods, including Naı̈ve Bayes and Logistic
Regression. These academic works support this investigation by demonstrating that Random Forest proves to be a dependable and
accurate classification algorithm in educational analysis. Research findings from this study can be compared to those of previous
studies to enhance the understanding of the effectiveness of machine learning algorithms in educational predictions. This study
compared the performances of various algorithms with previously recorded data, as shown in Table 2.
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Table 2. Compared algorithm performances

Algorithm Accuracy ReferenceThis Study Previous Research
Random Forest 85% 87% [13]
Logistic Regression 78% 75% [23]
SVM 82% 80% [24]
Naı̈ve Bayes 65% 68% [23]
K-NN 75% 72% [13]

Random Forest maintained high accuracy when applied to educational prediction according to the results presented in this study
as well as earlier research. The performance metrics of Logistic Regression and SVM have returned to their previous matches with
results similar to those of similar research. However, Naı̈ve Bayes and K-NN have shown reduced versions of their performances
in this specific study. The assessments indicate that Random Forest will provide consistent performance, albeit robust, across all
educational prediction tasks, although exact data collection and environment can sometimes influence algorithm effectiveness. This
research confirms that Random Forest stands as the most efficient model for predicting SMA Nusa Putra student majors since it
demonstrates success in both the current study and existing precedent findings. The research outcomes demonstrate that machine
learning provides more accurate and objective selection methods for high school majors, generating beneficial information for school
education authorities and administrators. Additional variables involving social and psychological factors should be assessed in future
research to maximize the model’s predictive capabilities.

3.2. Feature Analysis
This research examines the importance of features in predicting students’ majors using the Random Forest algorithm. The

contribution of each feature to the prediction accuracy is evaluated using the Random Forest technique, specifically feature impor-
tance. This analysis is presented in Table 3, which ranks the importance of each feature. Such Findings will be presented in the
future analysis, where each feature will be examined and its value explained. For example, placing a high weight on the Grade XII
Mathematics mark would mean that students’ mathematical skills significantly affect the estimation of their predicted major, likely
in an area of science or engineering. Inversely, if the Art Interest Test score yields low importance, then students’ interest in art has a
minimal impact on their predicted major. This analysis aims to assist SMA Nusa Putra in understanding the fundamental factors in-
fluencing students’ choice of major. It offers guidance on how to enhance the processes of counseling and guidance design. Studying
the relevant literature alongside the features created by the machine learning model will shed light on deeper insights concerning the
understanding of student majoring processes. Mathematics grade 12, Science Interest Test values, and English grade 11 scores.

Table 3. Feature Analysis

Feature Value
Grade XII Mathematics scores 0.25
Science Interest Test results 0.20
English Grade XI Scores 0.15
Grade XII Physics Score 0.12
Art Interest Test Score 0.10

3.3. Comparison with Existing Majors
The prediction results from the best machine learning model (Random Forest) will be tested against those for the existing

majors at SMA Nusa Putra. This will be done by checking the percentage of agreement between the model prediction and the actual
majors. This analysis will provide insight into the accuracy of the machine learning model in predicting a student’s major compared
to traditional methods of determining a major. The differences between the model prediction and the actual majors will be further
studied to identify the factors responsible for the discrepancy. For instance, if the model suggests science as the major for a student but
they are placed in the social sciences major, further investigation will be conducted to understand the actual cause of the discrepancy.
Further analysis of the student-based data will be conducted, including results from report cards, interest tests, and any other relevant
information.

The text presents similarities and differences between machine learning model predictions and existing majors (between objects
of measure estimated in this study and those provided by the usual majoring scheme). Where substantial differences exist, the text
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further elaborates on the likely reasons for the present findings. For example, the sentence may discuss one reason. That is if
the machine learning model achieves much higher accuracy compared to the conventional majoring method. It would mean that
the machine learning model can enhance objectivity and accuracy in the major process. On the contrary, if there are significant
discrepancies between model predictions and existing majors, this would imply some indeterminable factors or even bias in the data.
The sentence would express another, following the other discussion items. It will be useful to make recommendations for improving
the majoring process at SMA Nusa Putra and for future research.

4. CONCLUSION
Machine learning models, among which random forests prove the most efficient, cast somewhat accurate predictions for SMA

Nusa Putra students’ majors based on interests and academic potential. In comparison with other algorithms applied, Random Forest
did relatively better. The prediction results of the developed model align with the current majors of SMA Nusa Putra, but with
some marginal disagreement, necessitating further analysis. An important feature analysis identified several key determinants of the
major prediction, including mathematics grade XII, Science Interest Test scores, and English grade XI scores. Although the Random
Forest model can predict relatively well, its predictions are weak because they depend solely on the information provided without
accounting for social and psychological aspects, as well as external factors, in the student-choice process. To this end, future studies
should focus on integrating these additional variables to study the potential of the model’s generalization to other high school groups,
such as vocational schools, for tracking the graduation directions of students.

Therefore, SMA Nusa Putra can consider implementing a pathway system based on machine learning so that the results
obtained in choosing a pathway are not subjective and accurate. Based on the findings of this study, it can be used to assist teachers
and counselors in making more informed and accurate selection decisions. Future research can include a wider scope of data including
data from other schools and take into account other factors that may affect students.
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