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Abstract—Selecting a college major that aligns with students’
high school background is an essential factor in supporting
academic achievement and career preparation. This study focuses
on a comparative analysis of the Support Vector Machine (SVM)
and K-Nearest Neighbor (KNN) algorithm ms in evaluating the
consistency of college major selection. A dataset of 636 students
was collected and processed for analysis. Model evaluation was
performed using 5-Fold Cross Validation, in which the dataset was
repeatedly partitioned into training and testing sets to ensure
reliable and unbiased performance assessment. The results
suggest that SVM demonstrates higher effectiveness, achieving
average scores across precision, recall, F1-score, and accuracy of
85%. Meanwhile, KNN obtained average performance scores of
78%. These findings highlight that SVM provides better
performance in analyzing the consistency between students’ high
school majors and their chosen college majors. These findings also
contribute to the development of decision support systems and
counseling services to guide students in making more informed
major choices.
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L INTRODUCTION

Today, education is no longer just a necessity, but a moral
and social obligation that must be fulfilled to produce a
generation that is ready to face the challenges of the future.
Rapid technological advances have changed the way people
live, learn, and work, requiring the education sector to prepare
individuals who can adapt to these changes. To actively
participate in this era, education must not only adapt to
technological advances, but also guide students in choosing the
right path for self-development.

Quality education requires careful career planning from an
early age, including choosing a major that suits one's potential.
Determining a major based on interests and abilities helps
reduce the risk of mismatch between the desired career field and
educational background. Choosing the right major not only
determines the learning process during college, but also has a
significant impact on future career opportunities because most
professions have qualifications that correspond to the college
major [1]. Thus, choosing a major is an essential foundation for

producing competent individuals who are ready to face global
competition and capable of making positive contributions in
various sectors of life.

However, in practice, not all students are able to determine
a college major that is fully aligned with their academic
potential and long-term career objectives. In practice, many
students face challenges when choosing a major in college.
Some choose based on trends or the popularity of certain majors
without considering their suitability in terms of ability, interest,
or talent [2]. This situation often leads to the phenomenon of
cross-major selection, where graduates from certain programs
in high school or vocational school choose to continue their
studies in fields that are not directly related to their previous
majors. For example, students from science and mathematics
programs who then select majors in the social sciences and
humanities during the university admission process. This
phenomenon can be triggered by various factors, including
anxiety and uncertainty that often arise among senior students,
which ultimately influence the academic decision-making
process [3].

Data mining plays an essential role in processing and
analyzing data to uncover previously unseen patterns and
insights. This method has been broadly applied in various
fields, including education, marketing, engineering, finance,
sports, and healthcare [4]. Its rapid development in the
education sector shows that Data Mining can provide new
insights into learning behavior, academic achievement, and the
factors that influence them. This trend has encouraged various
studies that utilize Data Mining. Several previous studies have
even proven its effectiveness in identifying correlation patterns
between educational variables and student learning outcomes.
Various algorithmic approaches have also begun to be
compared to find the most appropriate method for generating
data-based predictions and recommendations.

Through data mining, binary classification is often used to
separate data into two mutually exclusive categories based on
patterns from historical data. Various algorithms have been
developed and used in classification modeling. The K-Nearest
Neighbor (KNN) algorithm works by finding the proximity of
new data to a number of its closest neighbors. Previous studies
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have proven the effectiveness of KNN. For example, research
on water quality classification shows that KNN is capable of
achieving accuracy comparable to Logistic Regression, which
is around 89% [5]. Another study utilized KNN for sentiment
analysis of online learning from social media, and achieved an
accuracy rate of 84.65% [6]. These findings show that KNN can
be used flexibly on different data, both in environmental and
social contexts.

On the other hand, Support Vector Machine (SVM) has also
been widely applied in various fields with promising results.
Research on air quality prediction shows that SVM is capable
of achieving an accuracy of 83.33% [7]. In addition, research
related to the classification of outstanding students based on
data mining recorded an accuracy rate of up to 89.80% [8]. This
fact confirms that SVM can be relied upon to handle complex
data, both in the environmental and academic fields.

Several comparative studies between SVM and KNN also
yielded mixed results. Researchers who conducted a study
using the enhanced SVM and KNN methods on Human
Activity Recognition (HAR) systems reported that KNN
achieved an accuracy of 97.08%, slightly higher than SVM with
95.88%, although SVM outperformed KNN in processing
speed [9]. Meanwhile, another study that applied both SVM and
KNN methods for senior high school selection found that SVM
produced higher accuracy, reaching 97.1% compared to KNN’s
88.5%, and also showed faster processing time [10].

Based on these findings, it may be inferred that the
effectiveness of KNN and SVM is greatly influenced by the
characteristics of the data and the context of the problem being
analyzed. Therefore, this study focuses on these two algorithms,
as KNN is known to be simple yet effective in proximity-based
classification, while SVM excels at constructing optimal
hyperplanes to produce accurate class separation. These
different characteristics make it relevant to analyze both
algorithms together for the purpose of obtain a more
comprehensive comparison of their classification performance.

Based on previous studies using binary modeling, no
specific research has been found that highlights the analysis of
consistency between college major choices and majors taken in
high school. However, understanding this consistency is
important because inconsistencies can affect learning
effectiveness, student adaptation to subject matter, and future
career planning. In the Indonesian context, studies examining
the consistency between high school majors and university
major selection are still very limited, even though the problem
of students choosing majors that are not in line with their
background is often encountered in various universities.
Therefore, this study focuses on the application of binary
modeling to analyze the consistency between high school
background and college majors using relevant data obtained
from SMA Negeri 13 Palembang.

This study aims to analyze the consistency between the
majors chosen by students in high school and the majors
pursued in college, so that the results can be used to evaluate
the major selection system, improve educational literacy,

support the development of academic and career guidance in
schools, and help students build confidence in making decisions
in the future.

1I. RESEARCH METHODOLOGY
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Fig. 1. Research Process Flow

The research process flow is shown in Fig. 1. The research
process began with data collection, which involved collecting
data using existing data. Data preprocessing includes cleaning,
stopword removal, and tokenization to confirm that the data is
ready and clean for processing. The data then undergoes data
transformation to represent it in a format suitable for analysis,
followed by data labeling to assign classes or categories to the
data. The prepared data set is then divided into training and test
data, and used in the data modeling phase to build a machine
learning model. The final stage is model evaluation, which aims
to measure the performance of the model using appropriate
evaluation metrics to determine its accuracy and effectiveness.

The data in this study were analyzed using Google Colab as
a cloud-based computing platform, which provides a Python
programming environment with support for various libraries.
Pandas was applied for data processing and management, while
NumPy facilitated numerical computation. Matplotlib and
Seaborn were used for data visualization to present the results
more clearly. Scikit-learn, specifically KNeighborsClassifier,
SVC, train_test_split, CountVectorizer, accuracy_score,
classification_report, cross_val_score, KFold, and
confusion_matrix, was employed for model construction and
evaluation. In addition, the re and RapidFuzz libraries were
utilized for text preprocessing and similarity measurement,
thereby ensuring more accurate data representation and
analysis.

A. Counseling guidance

Guidance and counseling are forms of assistance provided
to students, either individually or in groups, with the aim of
fostering independence and optimal development [11]. These
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services cover multiple domains such as personal, social,
academic, and career development, enabling students to grow
in a balanced and holistic manner. In particular, guidance and
counseling play an important role in supporting students’ career
planning by helping them explore their interests, understand
their abilities, and make informed decisions about future
educational and professional pathways. Through a range of
structured activities and supportive programs, students are
assisted in recognizing their potential, overcoming challenges,
and preparing for both academic success and career readiness.

B. The Role of High School Background in College Major
Selection

In general, high school education in Indonesia is divided
into two main streams, namely science and social sciences. This
division aims to facilitate students’ interests so that they are
better prepared in determining their field of expertise in higher
education and in developing specific skills relevant to the
demands of the labor market [12]. However, in practice, not all
students are able to choose a stream with well-considered
judgment. As a result, many university students face various
challenges during their higher education, including difficulties
in understanding course materials due to a mismatch between
the chosen major and their personal interests or abilities [13].
This condition indicates that the selection of a study stream at
the high school level, plays an important role in the success of
higher education. The misalignment between secondary
education background and the major pursued at university not
only affects academic achievement but can also influence
learning motivation and career planning.

C. Data Collection

Data collection involves the process of gathering relevant
and necessary data to answer research questions or solve a
problem [14]. This stage is the main foundation, because the
quality of the analysis results is highly dependent on the quality
of the data collected.

D. Data Pre-processing

Data preparation is a fundamental stage in the data
processing process, where unstructured original data is
processed before entering the modeling phase. At this stage,
various problems commonly found in data, such as missing
values, outliers, and unbalanced data, need to be addressed
systematically [15]. After all data had been successfully
digitized, data checks were performed to address potential
duplication, recording errors, or incomplete data. The data
preprocessing steps applied in this study are presented as
follows [16].

1) Cleaning

Cleaning is the stage of cleaning data by removing symbols,
numbers, punctuation marks, and converting letters to
lowercase. This stage ensures that the selected and integrated
data is suitable for mining, including repairing damaged data,
deleting unnecessary data, and standardizing values for
consistency [17].

2)  Stopwords Removal

Stopword Removal is done by removing common words
that do not provide significant meaning in the analysis process.

3) Tokenization
The function of tokenization is to break text into pieces of
words (tokens) to make it easier to process.

E. Data Transformation

Data transformation involves converting original data into a
more structured and acceptable format to improve its quality
and usefulness in analysis and modeling [18]. This stage covers
various techniques, such as normalization, standardization,
coding, and data aggregation. The goal is to ensure that the data
used in the analysis process is comparable in scale, free from
inconsistencies, and easily understood by modeling algorithms.
With data transformation, hidden patterns in data sets can be
more easily identified, model performance can be improved,
and analysis results become more accurate and relevant for
decision making.

F. Data Labeling

Data labeling tasks play a vital role in every machine
learning application [19]. Data labeling is the stage where raw
data is marked or categorized so that it can be recognized by
machine learning systems. Through this labeling process, data
that was originally unstructured becomes clearly meaningful in
accordance with the purpose of the analysis. For example, in
sentiment analysis research, each sentence can be labeled with
the category “positive” or “negative” according to its meaning,
while in image recognition, each photo is labeled to indicate the
objects in it, such as ‘cat’ or “dog.” With the labeling process,
machine learning models can learn the patterns of relationships
between input data and predetermined categories, enabling
them to classify or predict new data more accurately.

G. Data Splitting

Data splitting is a technique that aims to divide a data set
into several parts according to the needs of the analysis. With
this separation, the evaluation process can be carried out more
objectively so that model performance is not only focused on
familiar data, but can also be generalized to new data. In
practice, data splitting is often done with various proportions,
such as 70:30 or 80:20. In a 70:30 ratio, most of the data is used
for model learning, while the rest is used to test the extent to
which the model is able to classify data that has not been studied
before. Meanwhile, in an 80:20 ratio, a larger portion of the data
is used for learning so that the model has a wider opportunity to
recognize patterns, even though the portion of data for testing
becomes smaller. The selection of this ratio usually considers
the amount of data available and the desired level of accuracy,
because the more data used for learning, the greater the chance
for the model to recognize patterns well [20].

In addition to division by specific proportions, there is also
the K-Fold Cross Validation technique, which divides the data
into a number of folds. Each fold is used alternately as part of
the test data, while the other folds are used for learning. This
process is repeated until all folds have had a turn, so that the
evaluation results are more comprehensive, representative, and
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not dependent on a single data division.

H. Data Mining

In this study, Data Mining is understood as an approach to
processing large and diverse data sets to generate valuable
information [21]. This process does not only rely on statistical
calculations, but also utilizes specific algorithms and analysis
techniques to identify previously unseen patterns. In this way,
data that was initially just a collection of numbers can be
interpreted into more meaningful knowledge and used as a basis
to support the decision-making process.

In general, the benefits of Data Mining can be seen from its
ability to uncover patterns, trends, and hidden relationships in
large data sets. Through this process, new information can be
obtained and then used to support more targeted decision
making and strategic planning. The results are obtained through
a combination of conventional data analysis and predictive
techniques, thus providing more comprehensive insights [22].

Data mining techniques generally include various
approaches such as classification, prediction, and clustering,
each of which has a different purpose in processing data. One
of the most commonly used techniques is classification.
Classification is a method that serves to group data into specific
classes by predicting previously unknown data categories [23].
Thus, classification can be understood as the process of placing
data objects into predetermined classes based on predefined
patterns or models.

1) Classification

Classification represents a data mining process that is used
to group data based on specific characteristics [24]. This
process aims to place each piece of data into a predetermined
category or class so that patterns or relationships within the data
can be more easily recognized. Thus, classification serves as an
analysis method that helps the system make decisions or
predictions based on the characteristics of the data.

In certain contexts, classification can be applied in the form
of binary modeling, which is the process of grouping data into
two mutually exclusive classes. This approach is often chosen
because it provides a clear picture when the research problem
focuses only on two main categories, allowing for more focused
and simplified analysis.

a. K-Nearest Neighbor

The K-Nearest Neighbor (KNN) method is a classification
technique used to determine the class of new data by comparing
it with existing data [25]. The basic principle of this method is
to calculate the distance between new data and data whose class
is already known, then select the data with the closest distance
as a reference. The concept of nearest neighbor itself refers to
data that has the highest level of similarity or the smallest
difference, so that new data can be classified into the
appropriate group. In this study, KNN was configured using the
parameter n_neighbors=5, which means the algorithm
considers the 5 nearest neighbors when determining the class
label.

b. Support Vector Machine

Support Vector Machine (SVM) is a machine learning
method that focuses on finding the best hyperplane to act as a
class boundary [26]. This concept aims to separate data between
classes as much as possible, resulting in more accurate
classification results. By utilizing high-dimensional feature
space, SVM can transform complex data into a more organized
form that can be clearly separated. This principle makes SVM
effective in solving various classification problems, especially
when data patterns are difficult to separate simply. In this study,
the SVM algorithm was configured with kernel='linear',
allowing the model to construct a linear decision boundary to
separate classes. In addition, the parameter random_state=42
was set to ensure result consistency during repeated training.

1. Evaluation Model

The evaluation model stage is a crucial step in the Data
Mining process, which aims to assess the accuracy of the
developed model. The model evaluation stage generally uses a
confusion matrix [27]. At this stage, the performance of
classification methods such as Support Vector Machine (SVM)
or K-Nearest Neighbor (KNN) is compared using various
evaluation metrics, such as accuracy, precision, recall, and f1-
score. The use of these metrics allows researchers to understand
the strengths and weaknesses of each method in processing
data. Therefore, the evaluation stage not only measures the
success of the model but also serves as a basis for determining
the most appropriate method to use in research.

1) Accuracy
Accuracy shows the ratio between the number of correct
predictions and the total available data. This value is used to
assess the extent to which the classification model is capable of
producing accurate results. The accuracy equation is written as
follows.

(TP+TN )

A T =
ceuracy (TP+FP+TN+FN)

x 100 (1)
2) Prescision
Precision is the ratio between the number of correct positive
predictions and the total data predicted as positive. The
precision value is used to measure the accuracy of the model in
generating positive predictions. The precision equation is
shown as follows.

TP
TP+FP

Precision = x 100 2)

3) Recall
Recall is the ratio between the number of correct positive
predictions and the total actual data included in the positive
class. The recall value indicates the extent to which the model
is able to detect relevant data. The recall equation is shown
below.

TP
TP+ FN)

Recall = X 100 3)

4) F1-Score
The Fl-score is a measure that combines precision and
recall through a weighted harmonic mean. This value is used to
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provide a more balanced assessment of model performance.
The F1-score equation is shown below.

(Recall X Precision)

F1—Score = 2 X (@)

(Recall+ Precision)

I11. RESULT AND ANALYSIS

The data for this study was obtained from the Guidance and
Counseling Department of SMA Negeri 13 Palembang, which
stores documents related to students' majors and college
choices. Initially available in print, this information was
manually inputed into Microsoft Excel for digital processing.
The data set used consists of 636 students who graduated from
2019 to 2024.

1) Name
This attribute serves as an identifier. Although not analyzed
directly, this name assists in the data validation and tracking
process to prevent duplication.

2) Class
This attribute shows the students' educational background
while still in school. This information is essential for
determining whether there is a correlation between educational
background (e.g., science or social studies) and the consistency
of college majors after graduation.

3) University
This attribute contains data about the universities that
students are applying to. Analysis of this attribute can reveal
students' tendencies in choosing certain universities and
whether institutional preferences influence consistency in their
major choices.

4) Major
This reflects the field of study students choose in higher
education. This attribute is a key variable in this study, as the
consistency analysis focuses on the correlation between high
school majors and the college majors they choose. Table I
below presents the original dataset used in this study.

TABLEIL Original data set
NO. Name Class University Major
1 | Hastiliya XIMIPA | | Universitas | Teknologi Hasil
Sriwijaya Perikanan
2 | Isnaini Sahputri | XITMIPA 1 | (niversitas limu
Sriwijaya Keperawatan
3 | Natasya Odelia |y y\ppy | Universitas | oy o ) piglogi
Indari Sriwijaya
4. Rizgia Meilika XIIMIPA 1 Unwe{sﬁas Manajemen
Sriwijaya
Universitas
Sriwijaya
Sharfina Poltekkes Teknologi
634 Khoirunnisa XITMIPA 6 Palembang Pertanian
635 Yvopne Ansya XTI MIPA 5 PO!ltE.tknlk DIV Ilmu
Nabila Sriwijaya Keperawatan
636 | Willdan Joddy | yyyypg | Universitas | po i Mesin
Alviandra Sriwijaya

The data obtained is raw data, with variations in spelling,
duplication, and additional irrelevant information. Therefore,
data cleaning is necessary. The first stage of pre-processing is
the cleaning stage. The cleaning stage involves cleaning the
data by removing symbols, numbers, punctuation marks, and
converting letters to lowercase. Table II below presents an
example of text after the cleaning process.

TABLEII. Cleaned data set

Name Class University Major
- S universitas teknologi hasil
hastiliya Xii mipa L .
sriwijaya perikanan
. . - universitas .
isnaini sahputri xii mipa L ilmu keperawatan
sriwijaya
natasya odelia S universitas Lo .
. : Xii mipa L fmipa biologi
indari sriwijaya
Lo - s universitas .
rizgia meilika xii mipa . manajemen
sriwijaya
sharfina o universitas teknologi
. . xii mipa . .
khoirunnisa sriwijaya pertanian
yvonne ansya S poltekkes div ilmu
. xii mipa
nabila palembang keperawatan
willdan  jodd - oliteknik . .
. Joddy xii ips politet teknik mesin
alviandra sriwijaya

After the data cleaning stage, the next step is to remove
stopwords —common words that do not contribute significant
meaning to the analysis, such as “and,” “which,” “in,” and “to.”
The goal is to leave only necessary words. Table III below
presents an example of text after the stopwords removal
process.

TABLE III. Dataset after stopwords removal

Name Class University Major
- Lo universitas teknologi hasil
hastiliya Xiil mipa L .
sriwijaya perikanan
L . P universitas .
isnaini sahputri xii mipa L ilmu keperawatan
sriwijaya
natasya odelia L universitas . . .
. : xii mipa . fmipa biologi
indari sriwijaya
oo . - universitas .
rizgia meilika Xii mipa . manajemen
sriwijaya
sharfina - universitas teknologi
- . Xii mipa . .
khoirunnisa sriwijaya pertanian
yvonne ansya - poltekkes div ilmu
. Xii mipa
nabila palembang keperawatan
willdan  jodd - oliteknik . .
. Joddy xii ips politet teknik mesin
alviandra sriwijaya

After the stopwords removal stage, the next step is
tokenization, which aims to break the text into pieces of words
(tokens) to make it easier to process. Table IV below presents
an example of text after tokenization.

TABLE IV. Data set after tokenization

Name Class University Major

Py

“hastiliya” Xii

“universitas” “teknologi” “hasil”
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“mipa” “sriwijaya” “perikanan”
e PR PR -
isnaini xii universitas .
“sahputri” “mipa” “sriwijaya” “ilmu” “keperawatan”
“natasya”
« e “xii” “universitas” e s e -
odelia o e fmipa” “biologi
“indari” mipa sriwijaya
“rizqia” “xii” “universitas” « . "
o he, o P manajemen
meilika mipa sriwijaya
“sharfina” “xii” “universitas” “teknologi”
“khoirunnisa” “mipa” “sriwijaya” “pertanian”
« >

vonne . . .
“Znsya” “xii” “poltekkes” “div” “ilmu”
“nabila” mipa palembang keperawatan

willdan o 1 .

X U oliteknik™ . .
“oddy” “xii” “ips” ‘ZﬁWijaya” “teknik” “mesin”
1 . ER) O

alviandra

Next is data transformation to ensure consistency and
prepare data for analysis. This transformation process includes
several essential activities, such as:

1) Class column Standardization

There are only two categories: Mathematics and Natural
Sciences (MIPA) and Social Sciences (IPS).

2) Standardization of words/spelling in the central column

Variations in the spelling of major columns have been
standardized for consistency.

3) Removal of irrelevant attributes

Remove additional information such as faculty name,
education level (DIII/DIV), and city name. Table V below
presents an example of text after data transformation.

TABLE V. Data set after transformation

Name Class University Major
. . universitas teknologi hasil

hastiliya mipa Lo .
sriwijaya perikanan

L . . universitas .

isnaini sahputri mipa L ilmu keperawatan
sriwijaya

natasya odelia . universitas . .

. : mipa L biologi

indari sriwijaya

o o . universitas .

rizqia meilika mipa L manajemen
sriwijaya

sharfina mina universitas teknologi

khoirunnisa P sriwijaya pertanian

vonne ansya . oltekkes .

yvor y mipa P ilmu keperawatan

nabila palembang

willdan  jodd . oliteknik . .

. Jocdy ips poite: teknik mesin
alviandra sriwijaya

After the Transformation stage, each data item was labeled
to ensure consistent selection of majors. This labeling was
based on a reference file containing lists of college majors that
corresponded to students' high school majors. Table VI below
presents a list of college majors by subject group.

TABLE VI. List of College majors based on subject groups

Natural Science and

Social Science . .
Social Science

Natural Science

teknologi hasil

. seni kuliner
perikanan

bahasa Inggris

manajemen konvensi
acara

ilmu keperawatan ilmu komunikasi

biologi sosiologi psikologi
gizi ilmu hukum agroekoteknologi
perlindungan tanaman . hubungan agribisnis
internasional

Based on the references in the reference file, each student is
categorized as “consistent” if their choice of major is
appropriate, and “inconsistent” if it is not. Thus, the data set is
ready for the data separation and modeling stage. Below is Fig.
2, which shows the number of consistent and inconsistent
students.

Consistent and Inconsistent Number of Students Percentage of Consistent and Inconsistent Students

Inconsstent

cansistent

Consistent

Inconsistent
Status

Fig. 2. Number of consistent and inconsistent students diagram

Based on Fig. 2 above, the results of data labeling for a total
of 636 students show that 467 students (73.4%) have major
choices consistent with their high school majors, while 169
students (26.6%) are classified as inconsistent. For modeling
purposes, the labels were converted to numerical values: 1 for
the consistent category and O for the inconsistent category. This
distribution shows that the majority of students chose majors
that matched their interests and academic abilities, making the
dataset relatively balanced for classification analysis.

At the data-splitting stage, the study used K-fold cross-
validation. This technique divides the entire dataset into five
folds (5-fold), where in each iteration, one fold is used as test
data and the other four as training data. This process is repeated
5 times, so that each fold serves as both training and test data.
Thus, the model evaluation becomes more representative
because it involves all data in the testing process and can reduce
bias that may arise when relying on a single data division.

In the data modeling stage, the K-Nearest Neighbors (KNN)
and Support Vector Machine (SVM) algorithms are used to
classify students as consistent or inconsistent in their major
choices. The training data is used to “teach” the model to
recognize patterns from existing attributes, while the test data
is used to evaluate the model's accuracy and performance. This
modeling process involves parameter selection, model training,
and initial evaluation to ensure the model can distinguish
between consistent and inconsistent categories. The results of
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the modeling stage will be the basis for comparing the
effectiveness of each algorithm in predicting student
consistency.

After going through the data modeling stage, the research
process continues with an evaluation stage to measure model
performance. The evaluation results are shown in Figure 3
below, which shows a comparison diagram of precision, recall,
F1-Score, and accuracy values between the KNN and SVM
algorithms.

Comparison of Precision, Recall, F1-Score, and Accuracy of KNN vs SVM
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Fig. 3. Comparison of Precision, Recall, F-1 Score, and Accuracy of KNN vs
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Based on Fig. 3 above, it can be observed that the Support
Vector Machine (SVM) method outperforms the K-Nearest
Neighbors (KNN) method in terms of precision, recall, F1-
score, and accuracy. SVM achieves higher results across all
metrics, with precision of 84.7%, recall of 85.2%, F1-score of
84.9%, and accuracy of 85.2%, while KNN shows lower values
with precision of 77.8%, recall of 78.9%, F1-score of 78.2%,
and accuracy of 78.9%. These results indicate that SVM
provides more consistent and accurate predictions, as well as a
better balance between precision and recall when compared to
KNN. Therefore, the figure highlights that SVM demonstrates
superior classification performance in this comparison.

Although the overall results in Figure 3 clearly show the
superiority of SVM over KNN, a more detailed evaluation is
still needed to understand the specific strengths and weaknesses
of each model at the class level. For this reason, the confusion
matrix in Figure 4 is presented to illustrate how the KNN model
performs in classifying individual classes, including both
correct predictions and misclassifications. This analysis
provides a deeper view of the types of errors that occur,
complementing the general performance metrics shown
previously. Furthermore, the section below presents the
confusion matrices of both KNN and SVM.

Confusion Matrix - KNN
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Fig. 4. Confusion Matrix - KNN

The confusion matrix in Figure 4 above shows the results of
the KNN model evaluation on the test data. In class 0, 14 data
points were predicted correctly, while 16 data points were
incorrectly predicted as class 1. For class 1, the model
successfully predicted 87 data points correctly, but there were
still 11 data points that were incorrectly predicted as class 0.
These results indicate that while KNN performs well in
identifying class 1, it struggles with correctly classifying class
0, as reflected by the higher number of misclassifications in that
category.

Confusion Matrix - SVM
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The confusion matrix in Figure 5 above shows the results of
the SVM model evaluation on the test data. Of the total data,
there were 19 class O data that were predicted correctly, while
11 class 0 data were incorrectly predicted as class 1. For class
1, the model successfully predicted 90 data correctly, but there
were still 8 class 1 data that were incorrectly predicted as class
0. Overall, these results show that the SVM model has quite
good performance with a dominant correct prediction rate,
although there are still classification errors, especially in class
0.

Based on the confusion matrix comparison, it appears that
SVM produces better predictions than KNN. SVM is able to
classify data more accurately across both classes, while KNN
shows a higher number of misclassifications. This visualization
confirms the previous evaluation results that SVM outperforms
KNN, both in terms of classification accuracy and model
consistency in recognizing data patterns.

IV. CONCLUSION

From the results of this study, the majority of 467 students
selected a college major that was consistent with their high
school background, while 169 students chose a different field.
When analyzed using classification models, the results indicate
that SVM shows higher effectiveness than K-Nearest Neighbor
(KNN), as it achieved average superior scores in precision,
recall, fl-score, and accuracy. This indicates that SVM is more
suitable for analyzing the consistency of college major selection
based on high school background.

These outcomes are consistent with earlier research, such as
the Comparison of K-Nearest Neighbor and Support Vector
Machine for Choosing a Senior High School study, which
showed that SVM has a higher performance of 97.1% compared
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to KNN at 88.5%, as well as a faster processing time. This study
adds value by deepening the understanding of how machine
learning algorithms, particularly SVM, can be applied to
examine college major consistency. The findings also provide
a foundation for developing decision support systems or
enhancing counseling services, enabling schools to guide
students in making more informed decisions that align with
their potential and academic background.
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