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Abstract

The sacking of Indonesian national team coach Shin Tae-yong by PSSI on January 6, 2025 sparked massive public attention on various
social media platforms, one of which was Facebook. The large volume of unstructured opinions required analysis to accurately understand
public perception. This study aims to classify public sentiment toward the news of Shin Tae-yong's dismissal using the K-Nearest Neighbors
(K-NN) machine learning method. The data used consists of public comments from Facebook, processed through a series of text
preprocessing steps and word weighting using TF-IDF. The K-NN model was tested with a value of k = 80. The results show that the
classification model achieved an overall accuracy rate of 76%. While the model performed well for positive and negative sentiment classes,
its performance was very weak in identifying neutral sentiment (recall 0.02). The sentiment distribution results indicate that public opinion
is dominated by positive sentiment at 56.5%, followed by negative sentiment (29.3%), and neutral sentiment (14.2%). The main finding of
this study, which contradicts common assumptions, is that the public response on Facebook to this policy is predominantly positive.

Keywords: Sentiment Analysis, K-Nearest Neighbors, Shin Tae-yong, PSSI, Facebook

1. Introduction

n the digital age, social media platforms such as Facebook have become the main arena for the public to voice their opinions on a massive
scale. These opinions are closely related to the attitudes of individuals and groups [1], often arise in response to policies or important events
that are in the spotlight. One event that sparked widespread public discourse in Indonesia was the decision by the Indonesian Football
Association (PSSI) to dismiss Shin Tae-yong (STY) from his position as head coach of the Indonesian national team on January 6, 2025
[2].The policy announced at the press conference, based on internal conflicts and evaluation of match results, suddenly became a topic that
was built up and spread by the media [3]. The Facebook platform was flooded with various reactions from supporters and the general
public, who were polarized between pros and cons. This wave of comments generated a large volume of opinion data that reflected the true
public perception, requiring an accurate analysis process to understand the essence of these sentiments [4].

To process this unstructured textual data, this study applied sentiment analysis, a field of study that analyzes public opinion, sentiment,
and emotions towards an entity or event [5]. The main objective of sentiment analysis is to classify texts into positive, negative, or neutral
sentiments [6]. In this study, the classification method implemented is the K-Nearest Neighbors (K-NN) machine learning algorithm..
The K-NN method was chosen for its effectiveness in grouping objects based on the proximity or similarity of training data [7]. Using the
Python programming language and text mining libraries, this study aims to classify public sentiment on Facebook regarding Shin Tae-
yong's dismissal. The classification results will map in-depth insights into public perceptions and opinion trends on this issue.

Previous studies have shown that the K-Nearest Neighbors (K-NN) method is an effective and reliable algorithm for sentiment analysis on
social media data in Indonesia. For example, a study by Rizqi Irawan (2022) analyzing sentiment towards Gojek services on Twitter
achieved an accuracy of 79.43% using K-NN [8]. Similar success was also demonstrated by Furgan and colleagues (2022) in analyzing
public sentiment towards the New Normal policy on Twitter, which achieved a higher accuracy of 94.50% [9]. In another study, namely
reviews of e-commerce applications on Google Play Store, Kusuma & Cahyono (2023) also proved the effectiveness of K-NN in classifying
sentiment towards Shopee with an accuracy of 82% [10]. All three studies applied standard text preprocessing steps and TF-IDF word
weighting, concluding that K-NN is a solid method for text classification.

Based on these findings, this study adopts a proven methodology by applying the K-NN algorithm for sentiment classification. However,
the hope of this study lies in the object and context of the analysis. While previous studies have focused on the commercial service sector
(Gojek, Shopee) and large-scale government policies (New Normal), this study will fill the gap by analyzing public sentiment towards the
dismissal of a public figure in the world of sports, namely the coach of the Indonesian national team, Shin Tae-yong. Thus, this study aims
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to test the effectiveness of the K-NN method in a more specific and dynamic domain, involving the emotional sentiments of supporters
towards managerial issues in national sports organizations.

2. Metedelogi Penelitian

2.1. Cross Industry Standard for Data mining CRIPS-DM

The approach used in this study employs the Cross Industry Standard Process for Data Mining (CRISP-DM) methodology. CRISP-DM is
one of the most popular comprehensive approaches in data science and data mining projects since its introduction about two decades ago.
The use of this methodology is highly relevant because of its focus on a deep understanding of business processes and data characteristics,
resulting in a more accurate interpretation of the problems [11]. The main objective of CRISP-DM is to recommend specific solutions that
can optimize an organization's performance [12].
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Fig. 1: CRIPS-DM

This methodology consists of six main sequential stages [13]. The process begins with the Business Understanding stage, where business
objectives and problem definitions are established to develop an initial project plan. This stage is followed by Data Understanding, which
includes collecting, exploring, and examining data quality from its source. Once the data is understood, the Data Preparation stage is carried
out, which includes cleaning and selecting data according to criteria relevant to modeling.

The core phase of this process is Modeling, where data mining techniques are selected and applied to build predictive models based on the
prepared data. The built models are then tested in the Evaluation stage to check the suitability of the results with the business objectives
set at the beginning. The final stage is Deployment, which includes the implementation of the final project results in the form of reports or
software components, as well as planning for ongoing monitoring and maintenance.

2.2. Research Method

This study applies sentiment analysis, which is one of the processes in text mining for computational studies of user opinions, sentiments,
and emotions, with the aim of classifying textual information into positive or negative categories [14]. Sentiment analysis is a crucial part
of Natural Language Processing (NLP) for understanding public opinion developing on social media [15]. NLP itself is a field of artificial
intelligence that enables computers to process and understand complex and ambiguous human language [16]. This process falls within the
scope of Text Mining, a method for exploring and analyzing unstructured text data to identify previously unknown patterns or valuable
information [17].

Data collection in this study was conducted using web scraping techniques, which is the process of automatically extracting data from web
pages to obtain large-scale structured data [18][19]. The web scraping process consists of three main phases: data retrieval using the HTTP
protocol, information extraction from HTML documents, and data transformation into structured formats such as CSV or JSON [20].

The collected text data then went through a text pre-processing stage to make it more structured and of higher quality before further
processing [21]. This stage was necessary to address issues such as data inaccuracy and redundancy [22]. The process involved the
following steps:

Cleaning (removing non-alphabetic characters)

Case Folding (converting text to lowercase)

Normalization (handling non-standard spelling)

Tokenizing (breaking sentences into words)

Stopword Removal (eliminating common words)

Stemming (converting words to their base form).

Examples of text pre-processing:

kW=
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Table 1: Text Pre-Processing

Step | Result
G tau terimakasih nih,,, STY sdh bawa nama baik Indo,, d
Comment source kancah internasional, Sdh susah payah,,, malah d pecat,,,

Manusia kacang lupa kulit nih mmg,,, ada apa Erik Tobhir,,,,????
G tau terimakasih nih STY sdh bawa nama baik Indo d kancah
Cleaning internasional Sdh susah payah malah d pecat Manusia kacang
lupa kulit nih mmg ada apa Erik Tohir
g tau terimakasih nih sty sdh bawa nama baik indo d kancah
SCase Folding internasional sdh susah payah malah d pecat manusia kacang
lupa kulit nih mmg ada apa erik tohir
Tidak tahu terima kasih nih sty sudah bawa baik indonesia di
Normalization kancah internasional sudah susah payah malah di pecat manusia
kacang lupa kulit nih memang ada apa erik tohir
["tidak", "tahu", "terima", "kasih", "nih", "sty", "sudah",
"bawa", "baik", "indonesia", "di", "kancah", "internasional",

Tokenizing "sudah", "susah", "payah", "malah", "di", "pecat", "manusia",
"kacang”, “lupa”, “kulit", "Ilih", umemangu, ”ada", "apa”, “erik",
"tohir"]

["tidak", "tahu", "terima", "kasih","sty", "bawa", "baik",
"indonesia", "kancah", "internasional", "susah", "payah",
"malah", "pecat", "manusia", "kacang", "lupa", "kulit",
"memang", "erik", "tohir"]

["tidak", "tahu", "terima", "kasih","sty", "bawa", "baik",
"indonesia", "kancah", "internasional", "susah", "payah",
"malah", "pecat", "manusia", "kacang", "lupa", "kulit",

"memang", "erik", "tohir"]

Stopword Removal

Stemming

After cleaning the data, textual data was transformed into numerical format using the Term Frequency-Inverse Document Frequency (TF-
IDF) method. This technique weights each word based on its frequency of occurrence in a document relative to its frequency in the entire
document collection [23]. If the occurrence of a word has a high frequency, then that word has the potential to become a keyword [24].
The next stage of this research is classification, a machine learning technique that aims to predict the class or label of data based on its
features [25]. In this process, a model is built by analyzing training data to map each feature to a predetermined class label [26][27]. The
classification algorithm used is K-Nearest Neighbors (K-NN), a non-parametric supervised learning method that groups new data based on
its closest distance to the data in the training set [28]. The measurement of distance between data is done using one of the metrics such as
Euclidean distance [29].

To evaluate the performance of the K-NN classification model, a Confusion Matrix is used. This matrix is the basis for calculating
performance metrics such as precision, recall, accuracy, and F1-Score to draw conclusions from the research results.

3. Results and Discussion

3.1. Import Library

The first step is to import all the necessary libraries. These libraries have functions for performing text preprocessing, processing data,
running machine learning algorithms, and creating visualizations. That way, the sentiment analysis process from start to finish can run
efficiently and in a structured manner.

StemnerFactary

plit

S~ [altk_dsta] Downloading packsge punkt tsb to froot/nltk_dsts. ..
[mltk_data] Unzipping kendzers/punkt_tab.zip.
[mltk data] Downloading ge stopwords to froot/nltk data...
[mltk data] Unzipping corpora/stopwords.zip.
Collecting Sastrawi
Downloading Sastrawi- 1-py2.py3-none-any .whl.metadata (389 bytes)
Downloading Sastrawi-1 2 . py3-none- whl (289 ka)

Installing collected packag: Sastrawi

Suc ully installed Sast -1.8.1

Requirement a ed: textblob in fusrflocal /lib/python3.12/dist-packag:

Requirement a ed: « n fusr/local/lib/python3.12/di ¢ r extblob) (3.9.1)

Requirement a od: < /1ocal/1ib/python3. 12 /dist - 9 )

Requirement a ed: rf1local {11b/python3.12/dist-pac [ >textblob) (1.5.1)

Requirement a 4 u .3 in fusr/local f1ib/pythond dist-packages [ lob) (2824.11.6)
Requirement a ~iH local /1ib/python3.12/dist-packages (from nltk thlob) (4.67.1)

Fig. 2: Source code Import Library
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3.2. Entering data

The first step is to import all the necessary libraries. These libraries have functions for performing text preprocessing, processing data, and
running algorithms.

mon-null object
i1l abject
maf-null abject

KB

uUSErname conment
Galuh Panjalu Minimal selsaikan dulu lzh rencana sty di roun...

Feri Peye Andrian Yuk rame? bikin demo online\nBikin hastag apat...

Suro Tamping Gramang ~ Tunggu timnas Gamda kalah Erik Tohir dan pung...
Kamal CeMat CenOt \Miah bagus2 sty melatih timnas.. Eh kok di pecat

Dilar Bahtiar Kecewa ama pssi blum juga timnas beres dah dignti

Fig. 3: Source code and results of dataset calls

From the image above, it can be seen that the amount of data from the dataset that was successfully retrieved or imported amounted to
2362 rows.

3.3. Data Pre-processing

The initial stage of analysis is data cleaning. This process aims to ensure the validity of each comment as a unique entry, while minimizing
potential bias in the classification results. Next, the data will go through a series of text preprocessing steps, including:

1. Cleaning
The process of deleting text data that does not contain letters, such as punctuation marks, special characters, hashtags, symbols, and emojis.

eleaning

t = re.

1.2pply(cleaning)

comment cleaning

Minimal selsaikan dubu Iah rencana sty di roun... Minimal selsaikan dulu lah rencana sty di roun....
Yuk rame2 bikin demo enline\nBikin hastag apat..  Yuk rame bikin demo online Bikin hastag apatsh...
Tunggu timnas Garuda kalsh Erik Tohir dan pung...  Tunggu timnas Garuda kalah Erik Tohir dan pung...

Udah bagus2 sty melatih imnas.. Eh kok di pecat Udah bagus sty melatih timnas Eh kok di pecat

Kecewa ama pssi blum juga timnas beres dah dignti  Kecewa ama pssi blum juga timnas beres dah dignti

Fig. 4: Source code and results of cleaning

2. Case Folding
All words and letters (alphabets) containing capital letters in the data are converted to lowercase letters..
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- lower

e_folding)

cleaning

case_folding
Minimal selsaikan dulu lah rencana sly di roun...

minimal selsaikan dulu lah rencana sty di roun. ..
*Yuk rame bikin demo online Bikin hasiag apatah...

yuk rame bikin demo online bikin hastag apatiah. ..
Tunggu timnas Garuda kalah Erik Tohir dan pung...

funggu timnas garuda kalah erik tohir dan pung...
Udah bagus sty melafih imnas Eh kok di pecat udah bagus sty melatih fimnas eh kok di pecat
Kecewa ama pssi blum juga fimnas beres dah dignti  kecewa ama pssi blum juga fimnas beres dah dignti

Fig. 5: Source code and results of Case Folding
3. Tokenizing

The process of dividing text into smaller parts, from sentences into individual words or tokens.

nizing)

case_folding

tokenizing
minimal selsaikan dulu Iah rencana sty di roun... [minimal, seisaikan, dulu, lah, rencana, sty, .-
yuk rame bikin demo online bikin hastag apatah...  [yuk, rame, bikin, demo, online, bikin, hastag...
tunggu timnas ganuda kalah ek tohir dan pung... [tunggu, fimnas, garuda, kalah, enk, tohir, d...
udah bagus sty melatih fimnas eh kok di pecat  [udah, bagus, sty, melatih, timnas, eh, kok, d...

4 kecewa ama pssi blum juga timnas beres dah dignli  [kecewa, ama, pssi, blum, juga, imnas, beres, ..

Fig. 6: Source code and results of Tokenizing
4. Normalization

A form of word normalization that maps data into intervals to handle non-standard spelling, abbreviations, and numbers.

11-he

tokenizing normalisasi Q

[minimal, selsaikan, dulu, lah, rencana, sty, .. [minimal, selesaikan, dulu, lah, rencana, sty,... u
[yuk, rame, bikin, demo, online, bikin, hastag...  [yuk, ramai, buat, demo, online, buat, hastag, ...
[tunggu, imnas, garuda, kalah, erik, fohir,

[tunggu, timnas, garuda, kalah, erick, thohi

[udah, bagus, sty, melatih, imnas, eh, kok, d...

[sudah, bagus, sty, melatih, timnas, eh, kok,

[kecewa, ama, pssi, blum, juga, imnas, beres,... [kecewa, sama, pssi, belum, juga, fimnas, bere...

Fig. 7: Source code and results of Normalization
5. Stopword Removal

The process of dividing text into smaller parts, from sentences into individual words or tokens
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username comment cleaning case_folding tokenizing normalisasi stopword_removal

Galuh Panjaly  Minimal seisaikan dulu lah rencana Minimal setsaikan dulu lah rencana  minimal seisaikan dulu lah rencana [minimal, selsaikan, dulu, lah, [minimal, selesaikan, dulu, lah, [minimal, selesaikan, rencana, sty,
£ al sty di roun. sty di roun sty di roun rencana, sty rencana, sy, rounde, pi
Yuk rame2 bikin demo online\nBikin ., ‘Yuk rame bikin demo online Bikin yuk rame bikin demo online bikin [yuk, rame, bikin, demo, online, [yuk, ramai, buat, demo, onfine, [ramai, demo, online, hastag, pssi,

Fod Poye Andrian hastag apat hastag apatah hastag apatah bikin, hastag buat, haslag, apalahmasa

Suro Tamping Tunggu fimnas Ganuda kalah Erik Tunggu tmnas Garuda kalah Erk  uinggu imnas ganuda katah erik lohir [tunggu, tmnas, garuda, kalah, [lunggu, timnas, garuda, kalah,  [lunggu, timnas, garuda, kalah, erick,
‘Gramang Tohir dan pung.. Tohir dan pung. dan pung. erik, tohir, d... erick, thohi thohir,..

Kamal CeNat  Udah bagus2 sty melalih fimnas._ Eh Udah bagus sty melatih imnas Eh  udah bagus sty medalih mnas eh kok  [udah, bagus, sty, melalih, imnas,  [sudah, bagus, sty, melalih, imnas,
CenOt

kok di pecat kok di pecat di pecat eh, kok d eh, kok, [bagus, sty, melaiih, timnas, peca]

Difar Bahti Kecewa ama pssi blum juga fimnas Kecewa ama pssi blum juga imnas ~ kecewa ama pssiblum juga fimnas ~ [kecewa, ama, pssi, blum juga,  [kecewa, sama, pssi belum, juga,  [kecewa, pssi, belum, fimnas, beres,
e beres dah dignii beres dah dignii [ fimnas, beres,... timnas, bere... digni]

Fig. 8: Source code and results of stopword removal

6. Stemming
The process of eliminating words that are less relevant to the sentiment object, such as conjunctions, for example “tetapi, dengan, untuk,
yang, adapun”, and other connecting words.

tqdm. panda:

355 [05:58<00:00, 16.26it/s]
stemming
[minimal, selesaikan, rencana, sty, rounde, pi... [minimal, selesai, rencana, sty, rounde, pildu...
[ramat, demo, online, hastag, pssi, apalahmasa...  [ramai, demo, onling, hastag, pssi, apalahmasa...
[Munggu, timnas, garuda, kalah, erick, thohir,... [tunggu, timnas, garuda, kalah, erick, thohir,...
[bagus, sty, melatih, imnas, pecaf] [bagus, sty, lafih, imnas, pecat]
[kecewa, pssi, belum, fimnas, beres, dignii] [kecewa, pssi, belum, timnas, beres, dignii]

Fig. 9: Source code and results of Stemming

7. Dictionary Filter (based on a dictionary)

The dictionary filter process is carried out to eliminate irrelevant words based on the available language dictionary and scopus. This stage
is an additional option for writers and is important to implement as a word filtering technique. This technique is the opposite of the
commonly used stopword removal method. If stopword removal functions as a blacklist to remove common words, then the dictionary
filter functions as a whitelist to only allow words that are considered valid.

This process works by matching each token from the cleaned text with a reference dictionary. This dictionary contains a collection of
Indonesian and English vocabulary, as well as names of figures relevant to the scope of the research. Words found in this dictionary will
be retained, while words not found in it will be removed.

, encoding:
.read().splitlines())

cleaning case_folding tokenizing normalisasi stopword_removal stemming filter_text

Minimal selsaikan duls lah Minimal selsaikan dulu  minimal selsaikan dulu lah  [minimal, selsaikan, dulu, [minimal, selesaikan, duly, [minimal, selesaikan, rencana,  [minimal, selesai, rencana, [minimal, selesai, rencana,

Galuh Panjaiu rencana sly di roun... Iah rencana sty di roun. rencana sty di roun._. lah, rencana, sty, fah, rencana, sty, rounde, pi. rounde, pildu sly, pildun, gagal

Yuk rame bikin demo
oniine Bikin hastag
apalah.

[ramai, demo, online,
asf i,

Feri Peye fuk rame2 bikin demo h [
apalahmasa ..

Andrian Bikin hastag apat

yuk rame bikin demo online [yuk, rame, bikin, demo, [yuk, ramai, buat, demo,  [ramai, demo, online, hastag,
hastag apalah online, bikin, hastag online, buat, hastag, ps alahmasa

Tunggu timnas Garuda
kalah Erik Tohir dan
pung...

tunggu imnas garuda kalah  [tunggu, fimnas, garuda, [tunggu, timnas, garuda, [tunggu, timnas, garuda, [tunggu, timnas, garuda,  [tunggu. timnas, garuda,
efik tohir dan pung. Kalah, ek, tohir, d kalah, erick, thohir, Kalah, erick, thohir, Kalah, erick, thohir, Kalah, erick, thohir,

Suro Tamping Tunggu fimnas Garuda
Gramang  kalah Erik Tohir dan pung.

Kamal CeNal  Udah bagus2 sty melatih Udah bagus sty melatih udah bagus sty melatih Hm&":; ;;"‘-: s, [sudah, bagu [bagus, sty, melatin, timnas,  [bagus, sy, latih, imnas,

CenOt timnas.. Eh kok di pecat e fimnas Eh kok di pecat timnas eh kok di pecat d melatih, fimnas, eh. pecaf] pecaf]

Kecewa ama pssi blum Kecewa ama pssi blum
Dilar Bahtiar juga timnas beres dah juga imnas beres dah
dignti dignti

[kecewa, ama, pssi, [kecewa, sama,
blum, juga, timn;

[kecewa, pssi, belum, limnas, [kecewa, pssi, belum, [kecewa, pssi, belum,

beres, dignti] finnas, beres, dignti] timnas, beres]

kecewa ama pssi blum juga

fimnas beres dah dignfi

Fig. 10: Source code and results dictionary filter
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3.4. Deleting empty rows

The process of deleting empty rows is useful for maintaining data quality and preventing errors during the analysis process in order to
maintain data integrity and consistency and avoid biased data results. The source code for this process is as follows:

len(df))
len(df_filtered))

> Jumlah bari:
Jumlah baris setelah filteri

username i Cleaning case_folding tokenizing normalisasi stopword_resoval stesming filter_text

Minimal selsaikan dulu lah — Minimal selsaikan dulu minimal selsakan dulu lah  [minimal, selsaikan, dulu, [minimal, selesaikan, dulu, [minimal, selesaikan, rencana, [minimal, selesai, rencana, [minimal, selesai, rencana,

AT rencana sty di roun_. lah rencana sty di roun. rencana sty di roun. . lah, rencana, sly, .. Iah, rencana, sty, . sty, rounde, pi. sly, rounde, pildu. sty pildun, gagal

Fesi Peye Yuk rame2 bikin demo Yuk rame bkindemo o bain demoonfine  [yuk, rame, bikin, demo,  [yuk, ramai, buat, demo,  [ramai, demo, online, haslag, Iramai, demo, onene, oy demo, pssi, bendi,

" ! online Bikin hastag foid . 2 hastag, pssi, ;
Andrian  online\nBikin hastag apat .. apatah. bikin hastag apatah... online, bikin, hastag... onfine, buat, hastag.... pssi, apalahmasa... apalahmasa. coach, sly. menang,..

‘Suro Tamping Tunggu fimnas Garuda kag;g:"nnﬁm*aiizr:\: tunggu imnas garuda kalah  [funggu, fimnas, garuda, [lunggu, timnas, garuda, [tunggu, timnas, garuda, [tunggu, timnas, garuda, [tunggu, timnas, garuda,

Gramang  kalah Erik Tohir dan pung... p ik tohir dan pung... Kalah, ek, fohir, d... kalah, erick, thohir,... kalah, erick, thohir,.. Kalah, erick, thohir,. Kalah, erick, thohir,..

Kamal CeNat Udah bagus2 sty melafih Udah bagus sty melatih udah bagus sty melafih melanl{“::;a‘;azf [sudah, bagus, sty, [bagus, sty, melalih, imnas, [bagus, sty, lafih, imnas, [bagus, sty, lafih, imnas,
CenOt timnas.. Eh kok di pecat fimnas Eh kok di pecat fimnas eh kok di pecat ! ! d melatih, imnas, eh, ko peca] pecaf] peca]

Kecewa ama pssi blum Kecewa ama pssi blum
Dilar Bahliar juga fimnas beres dah 2% juga fimnas beres dah
dignfi dignti

[kecewa, ama, pssi, [kecewa, sama, pssi,
blum, juga, timnas, belum, juga, imnas,
beres, [

[kecewa, pssi, belum, imnas, [kecewa, pssi, belum, [kecewa, pssi, belum,
beres, digni] fimnas, beres, dignii] fimnas, beres]

kecewa ama pssi blum juga
fimnas beres dah dignti

Fig. 11: Source code and results of deleting empty rows

3.5. Labeling

The sentiment labeling process classifies each comment into positive, negative, or neutral categories according to its contextual meaning.
This process aims to enable the model to recognize word patterns from each sentiment category based on the given labels. The required
source code is:

» PBMES=

» PBMES=

ment_labelir

Fig. 12: Source code of labeling
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Jumlah setiap kelas semtimen:
semtiment

positif 1267

negatif 785

netral 345

Name: coumt, ditype: imte4

Hasil Pelabelan Sentimen:
comment sentiment
Minimal selsaikan dulu lah rencana sty di roun... positif
Yuk rame? bikin demo online‘nBikin hastag apat... positif
Tunggu timnas Garuda kalah Erik Tohir dan pung... positif
Udah bagus2? sty melatih timnas.. Eh kok di pecat positif
Kecewa ama pssi blum juga timnas beres dah dignti  negatif

Fig. 13: Results of labeling

From the labeling results above, we can see the total number of each sentiment class, where positive sentiments number 1,267, negative
sentiments number 705, and neutral sentiments number 345. This comparison shows that the majority of public comments tend to be
positive. Each line of comments in the data has been labeled with a sentiment class.

3.6. Split Data

The data split stage is performed to separate training and test data to measure the model's ability on new data. The required source code is:

» len{X train)})
» len{x_test))

S~ Training set size: 1853
Testing set size: 464

Fig. 14: Source code and results of split data

From the results above, we can see the distribution of training data and testing data. The amount of training data used is 1,853 comments,
while the testing data consists of 464 comments. The purpose of this distribution is so that the K-Nearest Neighbors model can recognize
word patterns optimally through training data and obtain accurate evaluations by utilizing testing data.

3.7. TF-IDF

The TF-IDF vectorization stage aims to convert textual data (strings) into numerical feature matrices. Each word is given a weight that
reflects its significance, calculated from its frequency of occurrence in a document relative to its frequency in the entire data corpus. The
required source code is:

N_train_joined = df. x; f 1-apply(
token Jodn( if isinstance(to
ned . index, i 1-5

tokens : £ if isinstance

feature names out

prinmt(

print{tfidf_df.head

print( i i 1 , ¥_tral 1dF . shape)

primt("Di i F-IDF i:", X hape)

Fig. 15: Source code of TF-IDF
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Matriks TF-IDF untuk data latih (5 baris pertama):

abal abang abroad academy achieve ace acuh adaptasi
8.82391 2.8 8.8 a.a
2. 2aa0a a.a a.a
0. aa0a a.a a.a
2. oaa0a a.a a.a
2. 2aa0a a.a a.a
0. aa0a a.a a.a
0. eaa0a 8.8 a.8
0. 2aa0a a.a a.a8
0. eaa0a 8.8 a.8
2. oaa0a 2.8 a.a
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[18 rows x 1941 columns]

Dimensi matriks TF-IDF data latih: (1853, 1941)
Dimensi matriks TF-IDF data uwji: (464, 1941)

Fig. 16: Result of TF-IDF

From the TF-IDF results above, the training data matrix, each column represents a unique word (term) in the training data, while each row
describes one comment. The number in each cell indicates the TF-IDF weight of a particular word in that comment. For example, the word
“abang” has a weight of 0.82391, which indicates that this word plays a significant role in distinguishing this comment from others. This
matrix is used as input by the K-Nearest Neighbors algorithm to learn the word patterns found in the training data.

3.8. Train the K-NN Model

Next is the process of training the K-Nearest Neighbors model, where the model will learn from the patterns in the training data. After that,
the trained model will be evaluated using the test data. The code for performing these two processes is as follows:

- ﬂ from sklearn.neighbo import KNelighbors

from sklearn.m mport ACCUrac) . £ cation report, confusion matrix
knn_model = KMeigh ifier(n_neigh
Knn_model . FLit train_tfidf, y_train}

v_pred_knn = knn_@sodel.predic

it_kmih = 1B

confusion matrix knn = confus

printi"4

print(

cm_knn = confusion matrix_knn

Fig. 17: K-NN Model source code and its accuracy

The training process using the K-NN model was carried out by setting k = 80, then evaluation was performed by measuring performance
using evaluation matrices such as accuracy, precision, recall, and f1-score.

3.9. Accuracy Results
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After training with the K-Nearest Neighbors model, proceed to the accuracy measurement stage using an evaluation matrix that will display
the accuracy, precision, recall, and f1-score results with the following source code:

Akurasi K-NN: @.7737862365517241

Classification Report K-NM:
precision recall fl-score  support

negatif a.72 .8 8.76
netral 8.68 . 86 8.11
positif 8,85

accuracy a.77
MACro avg . 8.57
weighted avg G a.74

Fig. 18: K-NN model results and accuracy

The results of the model evaluation above show an accuracy value of 0.77 or 77%, which means that the model is able to make correct
predictions on most of the testing data. The positive sentiment category showed the best performance with a precision value of 0.81, recall
0f 0.89, and f1-score of 0.85, reflecting a high ability to recognize positive comments. Similarly, the model's performance on the negative
class obtained a precision value of 0.72, recall of 0.81, and f1-score of 0.76. Meanwhile, comments with neutral sentiment tended to be
identified with low performance, with precision values of 0.6, recall of 0.06, and f1-score of 0.11. These findings indicate that the model
tends to be more accurate in classifying positive and negative sentiments, but is very weak in the neutral class.

3.10. Visualization results

Visualization results aim to present sentiment analysis results in the form of images and graphs so that they are easier to understand and
analyze. Visualization serves as a means of translating complex data into simpler and more communicative visual representations.

3.10.1. Pie Chart

To show the distribution of the overall sentiment (positive, negative, neutral) in a dataset with a visual display in the form of a pie chart.
This can be seen with the following source code:

import matplotlib.pyplot as plt

startangle=14a, coleors=[

Distribusi Label Sentiment

netral

negatif

Fig. 19: Source code and results of Pie Chart



1334 Journal of Artificial Intelligence and Engineering Applications

The pie chart above shows the distribution of sentiment labels in the dataset that has undergone a series of data cleaning, numerical
representation, data split, and labeling processes. The pie chart shows that positive data dominates with 54.7% of the total data. Next,

negative sentiment ranks second with a percentage of 30.4%, while neutral sentiment is the least with a percentage of only 14.9%.
3.10.2. Bar Chart

To compare the number or proportion of sentiments in various categories with a visual display in the form of a rectangular bar chart. This
can be seen with the following source code:

sentiment_percen

i, p in enumer

annotation

Fig. 20: Source code and results of Bar Chart

Distribusi Label Sentiment

Jumlah

345 (14.9%)

negatif netral
Sentimen

positif

Fig. 21: Source code and results of Bar Chart
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The bar chart above shows the distribution of data based on sentiment labels in the form of a bar chart. It can be concluded that the positive
class has the largest amount of data, namely more than 1,267 data points. Next, the negative class is in second place with 705 data points,
while the neutral class has the least amount of data with around 345 data points.

3.10.3. World Cloud

To display the dominant words in each category, which are visual representations of a collection of words in a text or dataset. This can be
seen in the following source code:

° from wordcloud
Pl

t matplotlib.pyplot &

.join(tokens) i isinstance(tokens,

wordcloud = W oud(width=820, height=488, background color='white').generate(text)

lat 1h timnas

o}

, - o

o pild ¢

= s k : “lihat

’ mundur kecewa
SN, sty difi
] T ‘:.; Jindonesia
Umqg) ‘m 2 f.timnas 1indonesla
oA t~1| HAEIS
‘ ‘,_nmaln 1at

Fig. 22: Source code and results of World Cloud

LEIY3

The visualization shows that words such as “tidak™, “pssi”, “sty”, “latih”, “timnas”, and “main” appear in the largest font size, meaning
that these words dominate public conversations or comments.

3.10.4. Confusion matrix

Confusion matrix visualization aims to display the results of classification model evaluation in the form of tables or graphs that show the
number of correct and incorrect predictions for each class. This can be seen in the following source code:

Confusion Matrix

T
2
3
L]
u
2

netral positif
Predicted Label

Fig. 23: Source code and results of confusion matrix

Based on the test results using the K-Nearest Neighbors algorithm, a confusion matrix with k = 80 was obtained in the image above. This
confusion matrix provides an overview of the number of correct and incorrect predictions in each sentiment class, namely negative, neutral,
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and positive. In the neutral class, only 3 data points were correctly predicted, while 17 neutral data points were incorrectly predicted as
negative and 30 neutral data points were incorrectly predicted as positive. This shows that the model has difficulty recognizing neutral
sentiment. In the positive class, 236 data points were correctly predicted, while 30 positive data points were classified as negative.

4. Conclusions and Suggestions

4.1. Conclusions

Based on the results of sentiment analysis of public comments on Facebook regarding the news of Shin Tae-Yong's dismissal, it can be
concluded that the classification model built using the K-Nearest Neighbors (K-NN) method with k = 80 was able to classify public
sentiment with an overall accuracy rate of 77%. The model's performance shows good results for positive and negative sentiment classes,
but is very weak in identifying neutral sentiment classes. This is evident from the recall value of the neutral class, which is only 0.02, where
most of the neutral data is misclassified as positive or negative. The distribution of sentiment in the analyzed dataset shows that public
opinion is dominated by positive sentiment at 54.7% (1267 comments). Negative sentiment ranks second with a percentage of 30.4% (705
comments), and neutral sentiment is the least with a percentage of 14.9% (345 comments). Although the dismissal of an accomplished
coach could be assumed to trigger negative responses, the findings of this study show that public perception on Facebook is mostly positive.

4.2. Suggestions

Based on the research described above, the author provides several suggestions and recommendations that may be considered for future
research, namely, it is recommended to perform a more sophisticated data preprocessing model with a model base that may be more reliable
for handling ambiguous or neutral text data, given the very low performance in the neutral class. Expanding the scope of data knowledge
by collecting comments from other social media platforms such as X (Twitter) and YouTube to obtain a more comprehensive and diverse
picture of public perception.
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