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Abstract

The development of social media, particularly Twitter, has become a primary means for the public to express opinions,
criticisms, and complaints regarding train services, ranging from delays, facility comfort, to ticket policies. The large number
of opinions appearing in short, non-standard characters, and containing slang and emoticons makes manual analysis ineffective,
resulting in service providers not optimally utilizing valuable information from the public. This study aims to analyze public
opinion sentiment on Twitter regarding train services to systematically and structuredly determine public perceptions. The
methods used in this study are K-Means Clustering and Support Vector Machine (SVM). K-Means is used to group public
opinion based on similarities in language patterns and sentiments to obtain initial labels, while SVM is used to classify opinions
into positive and negative sentiments more accurately. The research data comes from the Twitter platform and is obtained
through a crawling technique. The maximum limit of tweets retrieved is set at 2005 tweets. The results show that the K-Means
method is able to assist the initial labeling process of sentiment data, while the SVM algorithm can classify public opinion with
an accuracy level of 99.02%. The combination of clustering and classification methods has proven effective in processing
large-scale, unstructured opinion data. Based on the research results, it can be concluded that the sentiment analysis approach
using K-Means and Support Vector Machines can provide an objective picture of public perception of train service quality.
The results of this analysis are expected to be used by service providers as evaluation material and a basis for decision-making
to improve service quality to the public.
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The facts show that numerous reviews, criticisms, and
complaints from train users circulate on Twitter,
ranging from delays and facility comfort to ticket
policies. However, the large and diverse number of
reviews complicates manual analysis, leading to
underutilization of valuable information. Opinions on
Twitter are typically brief, informal, and often use slang
or emoticons. They also change easily with policies or
service disruptions, further complicating analysis. The
diversity of positive and negative perceptions also
complicates opinion grouping, indicating that service
providers lack an effective mechanism for processing

1. Introduction

The rapid development of digital technology has
impacted communications, industry, and public services
[1]. Digital innovation simplifies access to information,
speeds up work, and improves service efficiency [2].
Trains have become a popular mode of land
transportation in Indonesia due to their large capacity,
affordable prices, and extensive reach [3]. As mobility
increases, train services need to leverage technology to
more effectively understand customer needs and satisfy

customers [4].

The development of digital technology has made social
media a primary means for the public to express
opinions, complaints, and appreciation for public
services [5]. Social media also serves as a fast, broad
platform for public aspirations, potentially influencing
public perception [6]. Twitter has become a popular
platform for real-time opinion sharing and is often used
as a benchmark for assessing public perception of
services, including railways [7]. The sheer number of
opinions posted daily makes Twitter a rich and diverse
data source for analyzing public satisfaction and
perception satisfaction with and perceptions of train
services [8].

public data. Therefore, a sentiment analysis approach
that can systematically process opinions on a large scale
is needed.

The solution presented to overcome this problem is
sentiment analysis to systematically understand public
opinion from data widely distributed on social media.
Sentiment analysis is a collection of random and diverse
reviews, criticisms, and appreciations that can be
mapped into certain categories such as positive or
negative. The results of this mapping provide an
objective picture of public perception of train services,
so that providers can identify aspects that need to be
improved or maintained. Research related to sentiment
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analysis has been conducted by [9] This study proves
that text mining-based clustering techniques can be used
to monitor and manage negative content on social media
platforms. Further research was conducted by [10] the
results of this study confirmed that aspect-based
sentiment analysis with SVM can provide a more in-
depth picture of satisfaction and complaints of KAI
Access application users.

The development of artificial intelligence provides the
ability to analyze sentiment more accurately, quickly,
and efficiently [11]. Artificial intelligence is a branch of
computer science that can be utilized in various fields,
including analyzing public opinion on social media
[12]. One artificial intelligence technology utilized in
analyzing public opinion on social media is machine
learning [13]. In the context of public sentiment analysis
regarding opinion-based train services on Twitter,
machine learning plays a crucial role in processing large
amounts of unstructured text data [14].

A widely used method in machine learning is clustering,
a technique in unsupervised learning that aims to group
data into several groups based on the level of similarity
or proximity of characteristics [15]. After the public
opinion is grouped, the next step is the classification
process. The classification algorithm used in this study
is the Support Vector Machine [16]. In this study, SVM
functions to classify public opinion on Twitter
regarding train services into positive and negative
sentiment categories with high accuracy. This algorithm
learns the best dividing boundary (hyperplane) between
each sentiment category, so it can classify public
opinion on Twitter regarding train services accurately,
quickly, and efficiently.

Research using a combination of K-Means and SVM
methods was conducted by [17] The combination of K-
Means Clustering and Support Vector Machine methods
was able to provide fairly accurate classification results
in identifying tweets related to mental health disorders.
This method can be a reliable alternative for text
analysis on social media, especially in detecting mental
health issues automatically and quickly. Further
research was conducted by [18] The combination of K-
Means Clustering for topic grouping, Support Vector
Machine for sentiment classification, and SMOTE to
handle data imbalance, resulting in an effective and
efficient sentiment analysis of public opinion on Twitter
regarding Karapan Sapi. Based on relevant research,
researchers are interested in analyzing public sentiment
towards train services through Twitter user opinions
with the aim of identifying positive and negative
sentiments and providing input for improving service
quality. The analysis was conducted using K-Means
Clustering to group opinions based on feature
similarities and Support Vector Machine to classify
sentiments accurately, so that the results can be a basis
for service managers in improving service quality and
user satisfaction effectively.

2. Methods

This research methodology will explain in detail the
framework used in this study. A research methodology
is a series of stages that encompass the steps for
processing and managing data, with the goal of
producing high-quality and relevant research. It
includes various stages that will be explained
sequentially, starting with the needs analysis process,
through data collection, and finally data processing. The
purpose of this study is to analyze public sentiment
toward train services based on opinions on Twitter using
the K-Means Clustering and Support Vector Machine

methods.  The research framework can be seen in
Figure 1.
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Figure 1. Research Framework

Based on the framework in Figure 1 the research
procedure begins with problem identification to
understand public opinion regarding train services. The
next stage is a literature study to obtain a theoretical
basis and relevant methods. Next, data collection and
preprocessing are carried out. Next, text data is
converted into a weighted numeric representation using
TF-IDF so that important words in opinions can be
identified more accurately. Next, an analysis pattern is
formed as a bridge between the TF-IDF weighted data
and the application of the K-Means and SVM
algorithms. Data analysis is carried out using K-Means
to group opinions based on feature similarities, then the
clustering results are input for SVM to build a sentiment
classification model. The final stage is model testing
using accuracy, precision, recall, and F1-score metrics
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to evaluate the model's performance and reliability in
predicting public sentiment towards train services.

2.1 K-Means Clustering Method

K-Means Clustering is a data mining method that falls
under the unsupervised learning category, a machine
learning technique that does not use labeled data [19].
This method is used to group data into several groups or
clusters based on the similarity of attributes between the
data. Similarity is measured using a distance metric,
typically the Euclidean distance, so that data with
similar characteristics or attribute values will be
grouped into the same cluster [20].

The K-Means algorithm works through an iterative
process that involves forming clusters based on the
centroid positions of each cluster. This process is
repeated until the centroid positions no longer change or
converge [21]. The general steps of the K-Means
algorithm are as follows [22]:

1. Determining the number of clusters (k): The initial
step in the K-Means method is determining the value
of k, which is the number of clusters to be formed.
This value forms the basis for the data clustering

process.

Determining the Initial Cluster Center (k-Centroid):
The next step is to determine the initial cluster
center, or centroid. The selection of this starting
point is crucial because it will affect the final results
of the clustering process.

Calculating the Distance of Each Data Item to Each
Centroid: Once the cluster center point is
determined, the distance of each data item to the
centroid is calculated. This calculation uses the
Euclidean Distance, a formula for measuring the
distance between objects and the cluster center, as
shown in equation 2.1:

= VX (i —y)?

Description:

M

D (X, Y) = Euclidean distance between data X and
Y

xi = value of the i-th variable in data X
yi = value of the i-th variable at the centroid of Y
n = number of variables

Data Grouping: Based on the distance calculation
results, each data item is then grouped into a cluster
based on the closest distance between the data and
the centroid.

Determining a New Centroid: The new centroid is
calculated based on the average value of the data
within the same cluster. This process is repeated
until there are no further changes in cluster position.
This way, data with similar characteristics will be in

the same cluster, while data with different
characteristics will be separated into different
clusters. The new centroid can be determined using
equation 2.2:

X1+x2+x3+--+xn

>x

D = 2

Description:
Xn = value of the nth record
> x = number of data records
2.2 Support Vector Machine Method

Support Vector Machine is a reliable method for solving
data classification problems. Support Vector Machine
(SVM) is also known as the most advanced machine
learning technique compared to other machine learning
techniques [23]. Support vector machines are capable of
recognizing and successfully used in pattern and
characteristic recognition. Support vector machines
have the ability to handle complex non-linear models
accurately.

Support Vector Machine (SVM) is a method in
supervised learning that is wusually wused for
classification (Support Vector Classification) and
regression (Support Vector Regression).  Support
Vector Machine can be used for prediction and
classification by finding the hyperplane with the
maximum margin among an infinite number of
hyperplanes, then determining which hyperplane is best.
So Support Vector Machine has the basic concept of
finding a separating function (hyperplane) that can
optimally separate two classes [24]. Hyperplanes with a
larger margin are more accurate in classifying data than
those with a smaller margin. This is known as the
Maximum Hyperplane. Small margins and large
margins can be seen in Figure 2.
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Figure 2. Small Margin and Large Margin

The margin is twice the distance between the
hyperplane and the support vector, where the support
vector is the point closest to the hyperplane. Support
vectors can also be said to be the outermost data objects
[25]. This support vector will be calculated by the SVM
to find the most optimal hyperplane while other data
objects are not taken into account at all, thus the Support
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Vector Machine can work more efficiently. The concept
of a hyperplane can be seen in Figure 3.
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Figure 3. Hyperplane Concept in SVM

Margin is also defined by the shortest distance from the
hyperplane to one side of the margin is equal to the
shortest distance from the hyperplane to the other side
of the margin, where the "side" of the margin is parallel
to the hyperplane [26] . The Support Vector Machine
(SVM) method in this study begins with kernel
calculations using a linear kernel to map data to the
feature space and form a Hessian matrix as the basis for
the optimization process. Next, a sequential training
process is carried out by initializing the parameters a, v,
and C, then calculating the error value (Ei), delta alpha
(0a), and updating the alpha value until the optimal
parameters are obtained. After the training process is
complete, the bias value (b) is calculated based on the
data with the highest alpha value from the positive and
negative classes to determine the position of the
separating hyperplane. The final stage is testing the
testing data by inputting the data into the SVM decision
function to produce a sentiment class prediction based
on the sign of the function f(x).

3. Results and Discussions

This results and discussion section presents an analysis
of the application of the K-Means Clustering and
Support Vector Machine (SVM) methods in classifying
public sentiment towards train services based on Twitter
data. Data processing results are presented to
demonstrate the model's performance in grouping and
classifying public opinion into predetermined sentiment
categories. The discussion then focuses on interpreting
the classification results and their relevance to the
research objective of analyzing public sentiment
towards train services.

3.1 Dataset

The data used in this study was sourced from Platform
X and obtained through crawling techniques. Data
collection was automated using a Python-based script
running on Google Collab, enabling efficient data
collection of large amounts. For more details see Figure
4.

created_at full_text id_str username

0 FriOct03 11:26:16 +0000 2025 Teori sotoy wa soal kenapa industrialisasi man... 1.974074e+18 @miixop55

1 FiOct0311:17:10+0000 2025 @KAI121 @budakpsikologi Min mau tanya min @KAL.. 1.974071e+18 @KAn21
2 FriOct03 11:13:48 +0000 2025 Halo @KAI121 Sekarang gabisa lagi beli raiffoo... 1.974070¢+18 @KAN121
3 FriOct03 10:55:07 +0000 2025 4 hari berturut-furut kereta api Jenggala terl.. 1.974086e+18  @CommuterLine
4 FriOct 03 10:51:44 +0000 2025 ignatius jonan juga investment banker jadi ben... 1.974085¢+18 @wioqdé7
2000 Thu Sep 04 03:06:27 +0000 2025 Dari Madiun unfuk dunia! PT Industri Kereta Ap... 1.963438e+18 @eyhli6d
2001 Thu Sep 04 02:53:17 +0000 2025 #Lisbon Sebuah kereta api funikular terkenal d... 1.963435¢+18 (@dessjn34
2002 Thu Sep 04 02:35:33 +0000 2025 KAl menawarkan promo diskon tiket kereta apis... 1.963431e+18 (@ubvgnod3

2003 Thu Sep 04 02:35:28 +0000 2025 Laporan situasi arus lalu lintas pagi di seput... 1.963431e+18 @NTMCLantasPoli

2004 Thu Sep 04 02:32:44 +00002025  Memasuki September 2025 PT Kereta Api Indonesi... 1.963430e+18 @rspwkwdd1

Figure 4. Twitter Comment Data Display Results

The image above shows the process of retrieving X data
from Twitter using the tweet-harvest command version
2.6.1. The retrieved data focuses on tweets containing
the keyword "Kereta Api" in Indonesian. The search
results will be saved in a CSV file named "Kereta
Api.csv". The maximum limit of retrieved tweets is set
at 2005 tweets. This command uses a Twitter
authentication token to legally access the data.

3.2 Data Preprocessing

This subsection presents the outcome of the research
activities. Results should be delivered in a clear, factual,
and objective manner, without subjective interpretation.
Visual aids such as tables, graphs, screenshots, and
performance charts should be used to reinforce the data
presented. All figures and tables must be numbered,
captioned, and referenced in the text Data preprocessing
is a crucial part of the sentiment analysis process. This
process ensures that the data can be structured and then
used in sentiment analysis. As described in the research
methodology, the data preprocessing process includes
cleaning, case folding, tokenizing, formalization,
stopword removal, and stemming.

Stopwords

Formalisasi Removal

cleaning case_folding tokenizing Steming

hari berurutiurut
Kereta api Jenggala
fera...

hari berturutturut
Kereta api nggala
ferla...

[herurtur,
Yereta''api,
enggala..

[berturuttunt’,
ereta', ‘api,
‘lenggaa,..

[harf, ‘berturutiuruf,
kereta', 'apt, ..

hart, ‘Derturutturt,
'kereta', 'apf, e...

ignatius jonanjuga ~ ignatius jonan juga
investment banker - investment banker jadi

[ignatius', fonar,
uga, 'investment,

[ignatius' ‘jonan’,  [ignatius' jonan’, ~ [ignafius’, jonan’,
juga, ‘investasi, 'investasi, 'banker, ‘investasf, ‘banker,
.. L. L

jadibe... be.. b.

nalk kereta api cute
cute cite gemes
bangett.

naik kereta api cute
cufe cute gemes
bangett..

[aik', 'kereta', 'apf,
‘cute!, ‘cute!, ‘out..

[maik' kereta', 'api,
'imut, imut, ..

[keretd', ‘apf, imut,
‘imut’‘imt, 'gem...

[kereta',apf, ‘imut,
‘imut’ ‘imu, '‘gem...

Gue banget  que banget mending
mending naik kereta — naik kereta api bisa
api bisa tid... fidu...

[gue', banget,
‘mending, 'naik,
hereta,..

['saya, ‘banget,
‘mending’ "naik,
hereta.

[banget’ mending’,  [banget, mending’,
'kereta!, ‘ap’ tidur'... 'wereta','apr, ‘fidur'..

naik kereta dar
jaman gak ada
nomer Kursj...

ik kereta darijaman
gakada nomer kursi

keretd, aman’,  [Kereta' jaman’,

IR TR S "nomor’, 'Kursf, 'rapf, - ‘nomor, kurs?, rap’

aman', 'gaK’ ‘ad..

[maik, kereta', ‘dart,
‘jaman’, idak "

Figure 5. Data Preprocessing Results

Figure 5 shows the preprocessing stages of Twitter
opinion text data about train services, which were
carried out in stages. The process begins with the
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original text (full text), followed by cleaning and case
folding to remove irrelevant characters and standardize
the letters. Next, the text is broken down into words
through tokenization, standardized through
formalization, and reduced to zero meaning through
stopword removal. The final stage is stemming, which
converts words to their basic form so that the data is
ready for further analysis using K-Means Clustering and
Support Vector Machine methods.

From a total of 2005 tweet data obtained, a data cleaning
stage was carried out including removing duplications,
removing punctuation, and filtering based on research
variables, namely service quality, punctuality, and
ticket prices so that the dataset became 509 data.

3.3 TF-IDF weighting

The next process in this research is to weight each word
(term) contained in each document or comment using
the Term Frequency—Inverse Document Frequency
(TF-IDF) method. TF-IDF calculations are carried out
based on the research variable categories, namely X1
(Service Quality), X2 (Punctuality), and X3 (Ticket
Price). The Term Frequency (TF) value is calculated
based on the frequency of occurrence of a word in a
document, where the word that appears is symbolized
by the value 1 and the word that does not appear is
symbolized by the value 0. Furthermore, the Document
Frequency (DF) value is obtained by calculating the
number of documents that contain the word in at least
one document. To overcome differences in document
length and reduce frequency value anomalies, a
normalization process is carried out on the TF value.
The final stage of word weighting is carried out by
calculating the TF-IDF value, namely by multiplying
the normalized TF value by the Inverse Document
Frequency (IDF) value.

The TF-IDF weighting results show the words that have
the strongest contribution in describing the contents of
the document in that category. The resulting weight
pattern shows terms that are truly relevant while
distinguishing between categories. These results serve
as an important basis for identifying analysis patterns
used in the next modeling stage.The TF-IDF weighting
results show the words that have the strongest
contribution in describing the contents of the document
in that category. The resulting weight pattern shows
terms that are truly relevant while distinguishing
between categories. These results serve as an important
basis for identifying analysis patterns used in the next
modeling stage. The following are the results of the
analysis pattern:

Table 1. Analysis Pattern

Ticket Price
(X3)

Timeliness
(X2)

Service

Document Quality (X1)

D1 0.825287 0.825287 1.428567
D2 1.064220 1.064220 0.000000
D3 0.242971 0.242971 0.000000
D4 1.088827 1.088827 0.000000
D5 1.154553 1.154553 0.000000
D6 1.597976 1.597976 0.000000
D7 0.763190 0.763190 0.000000
D8 1.064220 1.064220 0.000000
D9 1.311305 1.311305 0.000000
D10 1.005129 1.005129 1.538041
D500 1.817642 1.817642 1.405687
D501 1.905688 1.905688 1.512018
D502 1.909933 1.909933 1.651887
D503 1.803485 1.803485 0.000000
D504 1.286903 1.286903 1.786577
D505 1.966771 1.966771 1.752475
D506 1.408337 1.408337 1.803628
D507 1.734932 1.734932 0.706718
D508 1.437493 1.437493 1.335748
D509 0.964206 0.964206 0.000000

With this grouping, each word that has been weighted
using TF-IDF is assigned to the appropriate variable.
This step makes it easier for researchers to see the
pattern of keyword occurrences in each variable,
allowing for further analysis in the clustering and
classification process using the K-Means and Support
Vector Machine (SVM) methods. The results of this
stage provide an initial overview of the focus of user
comments on each aspect of the research, as well as
being the basis for conducting sentiment analysis and
evaluating service performance.

3.4 Sentiment Analysis

As described in the previous analysis and design
flowchart, the sentiment analysis process in this study
was conducted using a combination of the K-Means
Clustering and Support Vector Machine (SVM)
methods. Public opinions were first grouped using K-
Means Clustering based on feature similarities, while
also providing initial labeling. Next, a Support Vector
Machine was applied to classify sentiment into positive
or negative categories.

The first stage in sentiment analysis in this study is the
application of the K-Means clustering algorithm to
group public opinion data based on the level of
similarity of their characteristics. In this study, the
number of clusters was set at k = 2, representing positive
and negative sentiment. The K-Means process groups
the data into two main clusters based on the similarity
of the analysis patterns. The centroid values of each
cluster were analyzed to determine the sentiment
tendencies formed, as presented in Table 2.

Table 2. K-Means Clustering Results
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Docum Service Timeline Ticket Senti
ent Quality o5 (X2) Price Cluster ment
(X1) (X3)

DI 0.8253 08253  1.4286 1 Nega
tive

D2 1.0642 1.0642  0.0000 1 Nega
tive

D3 0.2430 0.2430  0.0000 1 Nega
tive

D4 1.0888 1.0888  0.0000 1 Nega
tive

D5 1.1546 11546 0.0000 0 Pi‘\’/i”
D6 1.5980 1.5980  0.0000 0 Pi‘f;t

D7 0.7632 07632 0.0000 1 Nega
tive

DS 1.0642 1.0642  0.0000 1 Nega
tive

D9 13113 13113 0.0000 0 Posit
1ve

D10 1.0051 1.0051 1.5380 1 Nega
tive

Posit
D500 1.8176 1.8176  1.4057 0 o
D501 1.9057 1.9057  1.5120 0 Pi‘ise“
D502 1.9099 19099  1.6519 0 Pi‘ii”
D503 1.8035 1.8035  0.0000 0 Pi‘fe“
D504 1.2869 12869  1.7866 0 Pi‘ise“
D505 1.9668 1.9668  1.7525 0 Pi‘ise“
D506 1.4083 14083 1.8036 0 Pi‘fe“
D507 1.7349 17349 0.7067 0 Pi‘ii“
D508 14375 14375 13357 0 Pi‘ii‘t

D509 0.9642 0.9642  0.0000 1 Ijievia

Table 2. shows the results of calculating the distance
between each public opinion tweet and two centroids.
The sixteenth iteration resulted in the data being divided
into two groups, each with 283 and 226 data items. The
K-Means Clustering algorithm successfully grouped the
data into two clusters with different sentiment
characteristics.

1. Cluster 0 contains 283 data points with positive
sentiment.

2. Cluster 1 contains 226 data points with
negative sentiment.

The iteration process stopped at the sixteenth iteration,
where no data transfer between clusters indicated that
the centroid position was stable and the K-Means
Clustering algorithm had reached convergence. This
indicates that the clustering results are optimal and can
be used as a basis for further analysis using the Support
Vector Machine (SVM) method. These clustering
results provide a clear picture of the distribution of
public opinion on train services that can be utilized by

PT Kereta Api Indonesia (KAI), the Ministry of
Transportation, and other transportation policymakers
to evaluate and improve the quality of train services
based on user perceptions on social media.

After the tweet data was grouped using the K-Means
Clustering method, the next step was to apply the
Support Vector Machine (SVM) algorithm to build a
sentiment classification model. The SVM algorithm
was chosen for its ability to optimally separate data into
sentiment classes. The classification model was trained
using training data and then validated using testing data.
This process aimed to evaluate the model's performance
in accurately classifying sentiment.

Table 3. SVM Prediction Results on Sample Test Data

Ul U2 U3
DI 0,3728 0,6268 0,0000
D2 0,3352 0,5636 0,6990
D3 0,1551 0,2607 0,1002
D4 0,1551 0,2607 0,9494
D5 0,4060 0,6826 0,0000
D6 0,8456 0,0371 1,5324
D7 1,0843 0,7123 0,4271
f(x) -0,5205 1,2431 -0,2046
Prediksi Negative Positive Negative

Based on the calculation results of the test data values
on the sample data, each test data was successfully
mapped into the appropriate sentiment class using the
decision function (f(x)) of the Support Vector Machine.
The first and third test data were categorized as negative
sentiment, while the second test data included positive
sentiment. These results indicate that the SVM model is
able to accurately distinguish the test data according to
the patterns learned from the training data.

Confusion Matrix - SVM

50

Positif
40

30

Aktual

20

Negatif
10

T [}

& &
&
Prediksi

Figure 6. ConfusionMatrix

KomtekInfo Journal, Volume 13, Issue 1, (2026), Page 27 - 35

32



Dina Selvia, et al

Figure 7. shows the confusion matrix of the Support References

Vector Machine (SVM) model on the test data, which
compares the predicted labels with the original labels
for each sentiment category, namely Positive and
Negative. This matrix provides information on how
accurately the model classifies the test data according to
its respective sentiment category. The results obtained
from this matrix help evaluate the overall performance
of the SVM model. Furthermore, confusion matrix
analysis also allows for the identification of potential
misclassifications within each category.

Akurasi: 8.9981968784313726

Confusion Matrix:
[[56 1]
[ @ 45]]

Laporan Klasifikasi:

precision recall fl1-score support

1.80
8.98

accuracy
macro avg
weighted avg

Figure 8. SVM Model Accuracy Performance

Based on the test results, the Support Vector Machine
(SVM) model achieved an accuracy of 99.02%,
indicating excellent classification performance across
the entire data set. The confusion matrix shows that
most of the data was correctly classified, with a very low
error rate. Precision, recall, and F1-score values, each
approaching 1.00 for both classes, indicate that the
model is able to distinguish sentiment consistently and
equally. These results confirm that the SVM model has
a high level of reliability in classifying public opinion
sentiment towards train services.

4. Conclusions

This study demonstrates that sentiment analysis of train
services can be effectively performed using a
combination of K-Means Clustering and Support Vector
Machine (SVM) methods based on Twitter data. The
developed classification model yielded an overall
accuracy rate of 99.02%, demonstrating the model's
excellent ability to classify public opinion sentiment.
The use of K-Means as the initial clustering process and
SVM as a classifier provides an appropriate alternative
solution for processing large, unstructured text data. The
results of this study contribute to providing structured
and objective public sentiment information as a basis for
evaluating the quality of train services. Further research
can be developed by comparing the performance of
other methods, optimizing model parameters, and
utilizing data from various social media platforms to
obtain more comprehensive results.
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