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Abstract

Twitter has become a major platform for real-time public expression, including reactions to the Indonesian national football team’s new
jersey released by Erspo on January 23, 2025. The previous edition had received strong criticism, creating the need to examine how the
public responded to the new design. This study aims to analyze the distribution of sentiments on Twitter and evaluate the performance of
the chosen classification method. The research employs Support Vector Machine (SVM) with a linear kernel to classify Indonesian-
language tweets into positive and negative categories. Data were collected through crawling and processed using text preprocessing
techniques such as case folding, tokenizing, filtering, and stemming, with features extracted using Term Frequency—Inverse Document
Frequency (TF-IDF). The model’s performance was assessed based on accuracy, precision, and recall. Results show that public sentiment
comprised 308 positive and 437 negative tweets. The SVM model achieved an accuracy of 82.35%, with 76% precision for positive and
86% precision for negative classifications. These results indicate that public responses tended to be negative, though positive appreciation
was still evident. Overall, SVM proved effective for sentiment analysis and can provide valuable insights for decision-makers and jersey
developers.
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1. Introduction

Social media has become the main means for the public to express opinions quickly and openly. Twitter, with its short-form messaging
characteristics and real-time dissemination of information, is a relevant platform for monitoring public opinion on a wide range of issues,
including sports [1]. One of the issues that is widely discussed is the release of the latest design of the Indonesian national team jersey on
January 23, 2025. Previous editions have been criticized for being considered less attractive and not representing national identity well [2].
This condition raises questions about how the public response to the latest edition design has again sparked debate on social media.

Sentiment analysis is the right approach to understand large amounts of public opinion. By utilizing Natural Language Processing (NLP),
opinions can be grouped into positive or negative categories [3]. Previous studies have shown that the Support Vector Machine (SVM)
algorithm is capable of providing high accuracy in text classification and is often used in sports-related sentiment analysis [4]. However,
studies that specifically highlight public opinion on the design of the Indonesian national team's jerseys are still limited. This opens up
research opportunities to contribute to understanding people's preferences.

This study aims to analyze the distribution of public sentiment on Twitter regarding the latest design of the Indonesian national team jersey
and evaluate the effectiveness of the SVM method with a linear kernel. By applying the text preprocessing stages (case folding, tokenizing,
filtering, and stemming) as well as TF-IDF weighting, the resulting classification model achieved an accuracy of 82.35%. These findings
suggest that the majority of sentiment tends to be negative, although positive appreciation nonetheless emerges. The results of the research
are expected to be input for designers and decision-makers in designing communication strategies and developing national team jersey
designs in the future.

2. Theoritical Foundation

2.1. Sentimen Analysis

Sentiment analysis or opinion mining is a method of analyzing text data to identify and classify the opinions contained in a document. The
main goal of sentiment analysis is to determine the polarity of the text, whether positive, negative, or neutral, so as to capture the public's
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perception of an issue (Amin & Salma, 2024)[1]. On social media such as Twitter, sentiment analysis is often used to measure people's
responses to certain topics, events, or products.

2.2. Natural Language Processing (NLP)
Natural Language Processing (NLP) is a field of artificial intelligence that focuses on the processing of human language by computers. In
sentiment analysis, NLP is used to prepare text before it is further analyzed. The preprocessing stage includes case folding, tokenizing,
filtering, and stemming, which aims to clean and simplify the text to preserve key information[5].
2.3. Text Representation with TF-IDF
One popular method for converting text into numerical forms is Term Frequency—Inverse Document Frequency (TF-IDF). This method
assigns weight to each word based on the frequency with which it appears in a document compared to the entire document collection.
Words that appear frequently in one document but rarely in another will acquire higher weight[6].
The TF-IDF formula is:

TFIDF(t,d) = TF(t,d) x IDF(t) )
With IDF(t) = ,log(-,n-df(t)..), where N is the total number of documents and df{t) is the number of documents containing the term.
2.4. Support vector mechine(SVM)
Support Vector Machine (SVM) is a supervised learning algorithm used for classification, including sentiment analysis. SVM works by
building an optimal hyperplane that separates data into two classes with maximum margins [7]. The advantage of SVM is its ability to
handle the high-dimensional, sparse data that is common in text [4].
The SVM decision function is expressed as:

fX)=w.x+b 2)

where w is the weight vector, x is the feature, and b is the bias [8].

3. Analysis and Design

3.1. Research Method
This study uses a quantitative approach with the text mining method to analyze public sentiment on social media Twitter. The goal is to

classify Indonesian-language tweets related to the release of the Indonesian national team's jersey into positive and negative categories.
The research stages include data collection, preprocessing, feature extraction, classification, and evaluation.

3.2. System Planning
The system design follows a linear data processing workflow, as illustrated in Figure. 1. This flow starts from the raw text data input, which

then passes through a series of pre-processing modules. The cleaned text is then converted into a numeric vector through TF-IDF weighting.
This vector is then the input for the SVM model that has been trained to generate sentiment class predictions.

¥

| Masukkan Hasit Pembobotan /

L 3 . . *

/ / /
- |
[ /

Fig. 1: SVM Classification System Flowchart

3.3. Preprocessing Data

The preprocessing stage is carried out to make the text cleaner and uniform before entering the analysis process. These stages include:
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Case Folding: converts the entire text to lowercase.

Tokenizing: breaking down text into words (tokens).
Filtering: removes unnecessary stopwords and characters.
Stemming: returns the word to its basic form.

3.4. Support Vector Machine Processing

To provide a more concrete understanding of the workflow of the applied method, manual calculations use a small sample of data. This
illustration covers the entire stage from pre-processing to normalization of feature vectors.

34.1.

Training Data and Test Data

In actual implementation, the dataset will be divided into training data (e.g., 80% of the total data) and test data (20%). However, for

illustrative purposes, the following 4 data samples will be used.

1. D1 (Positive): This time the design of the national team is coolnnnn

2. d2 (Negative): It's too much to say that this is the time of the teamwear jersey last year to make the national team jersey what is
out of stock?

3. d3 (Positive): the new jersey of the national team is much better than the previous tp why are there small things disturbing

4. d4 (Positive): hopefully with his new jersey other positive things can be achieved by our national team

3.4.2. Preprocessing Text

The following shows how each pre-processing stage converts raw text into a clean list of terms. These tables serve to transparently
demonstrate how the system handles linguistic variations such as slang, abbreviations, and suftixes, which is a crucial step for
standardization of features.

Table 1: Preprocessing Text

Teks Asli

Hasil Case Folding

Hasil Tokenizing

Hasil Filtering

Hasil Stemming (Kata
Dasar)

D1

D2

D3

D4

Kali ni desain jersey
timnas kerennnn

Keterlaluan sih ini
masa jersey
teamwear thn yg lalu
buat jersey timnas
apa habisin stok

Jersey baru timnas
jauh lebih bagus dr
sebelumnya tp
kenapa ada hal kecil
ganggu
Semoga dengan
jersey baru nya
halhal positif lain
nya dapat diraih oleh
timnas kita

kali ni desain jersey
timnas kerennnn

keterlaluan sih ini
masa jersey teamwear
thn yg lalu buat jersey
timnas apa habisin
stok

jersey baru timnas
jauh lebih bagus dr
sebelumnya tp kenapa
ada hal kecil ganggu

semoga dengan jersey
baru nya halhal positif
lain nya dapat diraih
oleh timnas kita

[kali, ni, desain,
jersey, timnas,
kerennnn]
[keterlaluan, sih, ini,
masa, jersey,
teamwear, thn, yg,
lalu, buat, jersey,
timnas, apa, habisin,
stok]

[jersey, baru, timnas,
jauh, lebih, bagus, dr,
sebelumnya, tp,
kenapa, ada, hal,
kecil, ganggu]
[semoga, dengan,
jersey, baru, nya,
halhal, positif, lain,
nya, dapat, diraih,
oleh, timnas, kita]

desain, jersey,
timnas, kerennnn

[keterlaluan,
jersey, teamwear,
thn, lalu, jersey,
timnas, habisin,
stok]

[jersey, baru,

timnas, jauh,

bagus, kecil,
ganggu]

[jersey, baru,
halhal, positif,
raih, timnas]

[desain, jersey, timnas,
keren]

[lalu, jersey, teamwear,
thn, lalu, jersey, timnas,
habis, stok]

[jersey, baru, timnas,
jauh, bagus, kecil,
ganggu]

[jersey, baru, hal, positif,
raih, timnas]

3.4.3. Weighting (TF-IDF)

From the results of the stemming, vocabulary for 4 sample documents was obtained. Next, the TF-IDF weights for each term are calculated.

Table. 2 shows this calculation, where N=4. The IDF value is calculated using the formula .idf = log(N/df)

Table 2: TF-IDF Calculation

Term TF (d1) TF (d2) TF (d3) TF (d4) df idf TF-IDF (d1) | TF-IDF (d2)| TF-IDF (d3)| TF-IDF (d4)
(log(4/df))
desain 1 0 0 0 1 0.602 0.602 0 0 0
jersey 1 2 1 1 4 0 0 0 0 0
timnas 1 1 1 1 4 0 0 0 0 0
keren 1 0 0 0 1 0.602 0.602 0 0 0
Term TF (d1) TF (d2) TF (d3) TF (d4) df idf TF-IDF (d1)| TF-IDF (d2)| TF-IDF (d3)| TF-IDF (d4)
(log(4/df))
lalu 0 2 0 0 1 0.602 0 1.204 0 0
teamwear 0 1 0 0 1 0.602 0 0.602 0 0
habis 0 1 0 0 1 0.602 0 0.602 0 0
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stok 0 1 0 0 1 0.602 0 0.602 0 0
baru 0 0 1 1 2 0.301 0 0 0.301 0.301
jauh 0 0 1 0 1 0.602 0 0 0.602 0
bagus 0 0 1 0 1 0.602 0 0 0.602 0
Kecil 0 0 1 0 1 0.602 0 0 0.602 0

ganggu 0 0 1 0 1 0.602 0 0 0.602 0

hal 0 0 0 1 1 0.602 0 0 0 0.602

positif 0 0 0 1 1 0.602 0 0 0 0.602

raih 0 0 0 1 1 0.602 0 0 0 0.602

3.4.4. Normalization

After obtaining the TF-IDF vector, the normalization process is carried out. An example of the normalization weight of ti in the illustration
of the weighting of the term "design" in the first document (d1) is as follows.

0.602 . 0.602
v0.6022 + 0.6022 /0.7248

0.602 0707
0.8513

All weighting results were normalized. Table. 3 explains the normalization obtained from the weighting calculation.

Table 3: TF-IDF Vector Normalization Results

Term Norm (d1) Norm (d2) Norm (d3) Norm (d4)
desain 0.707 0 0 0
keren 0.707 0 0 0
lalu 0 0.756 0 0
teamwear 0 0.378 0 0
habis 0 0.378 0 0
Term Norm (d1) Norm (d2) Norm (d3) Norm (d4)
stok 0 0.378 0 0
baru 0 0 0.243 0.277
jauh 0 0 0.485 0
bagus 0 0 0.485 0
kecil 0 0 0.485 0
ganggu 0 0 0.485 0
hal 0 0 0 0.555
positif 0 0 0 0.555
raih 0 0 0 0.555

These normalized vectors are the final input to train and test the Support Vector Machine classification model.

3.4.5 Calculation of Support Vector Machine (SVM))

Table 4: Normalized TF-IDF Input Vectors and Assigned Labels

Dokumen |Label (y)| desain | keren lalu tearr;wea habis stok baru jauh bagus kecil
dl (x1) 1 0.707 | 0.707 0 0 0 0 0 0 0 0
d2 (x2) -1 0 0 0.756 | 0.378 | 0.378 | 0.378 0 0 0 0
d4 (x4) 1 0 0 0 0 0 0 0.277 0 0 0

Document d3 is not included in this table because it will be used as test data, the determination of the sentiment label is as follows:
1. dl: "This time the national team jersey design is cool" — Positive (+1)
2. d2: "It's too much to say that this is the time of the teamwear jersey last year to make the national team jersey what is out of stock"
— Negative (-1)
3. d4: "Hopefully with the new jersey other positive things can be achieved by our national team" — Positive (+1)
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Document d3 ("The new jersey of the national team is much better than the previous one tp why is there a small thing disturbed") contains
mixed sentiment signals ("good" vs "disturbing"). This document will be used as test data for model validation. Thus, the problem of SV M
Hard-Margin optimization can be formally stated as follows

Minimize:
ol
2 w
With Limitations:

yi(w-z; +b) > 1, untuki=1,24

Where xi is the normalized TF-IDF feature vector for document i, and yi is its class label (+1 or -1), as presented in Table . The Lagrangian
function (L) combines the function of purpose and constraint into a single equation:

1 ’
L(w,b,@) = [wll* - D ailyi(w-zi+8) 1]

i

To find a solution, we take the partial derivative of L against the primal variables (w and b) and equalize it by zero:

oL
%=W—Zaiyixi=0=>w=zai)’ixi
7 7

aL
%Z_Zai}’i=0=>zai}’i=0
7

i

Maximize:

Lp(a) = Z a; — frachZ Z a;a;yyi(xi - x;)
iJ

i

With limitations:

Zaiy!:[l dan ao; >0

i

Then, Identify Support Vectors through KKT Conditions. The Karush-Kuhn-Tucker (KKT) condition is a set of conditions necessary for
an optimal solution to a non-linear optimization problem with constraints. One of the most important KKT conditions for SVM is
complementary slackness, which is expressed as:

a;lyi(w-z; +b) —1] =0

This condition states that for each data point xi:
1. If yi(w-xi+b)>1, then the point is outside the margin and is correctly classified. For the above equation to be met, its Lagrange
multiplier must be ai=0. This point is not a support vector.

1. If yi(w-xi+b)=1, then that point is located just above the margin. The Lagrange multiplier can be ai>0. This point is the support
vector.

Solving Equations for Lagrange Multipliers (o)
Calculate all the required dot products (xi-xh) from the data

X, %, = (0.707)% + (0.707)2

= 0.4998 + 0.4998 = 0.9996 =~ 1.0

X % = (0.756)% + (0.378)2 + (0.378)% + (0.378)?
= 0.5715 + 0.1428 + 0.1428 + 0.1428 = 1.0

Xy xq = (0.277)% + (0.555)2 + (0.555)% + (0.555)2
= 0.0767 + 0.308 + 0.308 + 0.308 = 1.0

x1 - x; = 0 ({there is no such term})

x1 - x4 = 0 ({there is no such term})

x5 - x4 = 0 ({there is no such term})

Substitution into the KKT equation for each w = ¥ a;y;x;support vector:
1. Forx1 (with yl=+1):

ay(xy - x1) — @(x1 - x2) + aalxy-x4)+ b =1
a;(10)+b=1>=>a;+b =1
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2. For x2 (with y2=—1):

—lay(xy - x) — ax(xz - %) + au(x -4+ b]=1
—[a2(10) +b] =1= az—bzl

3. For x4 (with y4=+1):

ay(xg - x1) — aa(Xa - x2) + ag(xs-x)+ b =1
a,(1.0)+b =1 >a,+b =1

4. Tops of dual problems:

;Y1 + ay, + agy, = 0
a(D+ (D) + a4(1H) =0 =>a;,—a,+ a, =0

4 Linear equations with 4 variables (a1,02,04,b).

from (1) and (3), a1 = a,

Substitutionto (4):a; —a, + @; =0 = 2a; =,
b:

From (1):b=1—a;

From (2):b=a, —1

Then,1 — a, = a, — 1. Replace a, with 2a;:

2
1—a1=(Zal)—1:~2=3al=>a1=§zo.667

Other values:
1. Ay = a1 = 0.667
2 a1=2a1=2x(§)=§z1.333

5 b=1-a;=1->=1/3~0333

Semua nilai o positif, semua titik adalah support vectors.
Setelah nilai-nilai o ditemukan, dapat menghitung parameter model akhir.
Menghitung Vektor Bobot w: Vektor bobot w dihitung menggunakan formula
w=Ya;yr1x = a1(1)x; + az(—1)xz + ay(1)x,.
w = 0.667x; — 1.333x, + 0.667x,

Table 5: Final SVM Parameter Calculation (w and b)

Term Komponen .

(Fitur) Vektor w Perhitungan
desain wl 0.667%0.707=0.471
keren w2 0.667x0.707=0.471

lalu w3 (—1.333)x0.756=—1.008
. Komponen .
Term (Fitur) Vektor w Perhitungan
teamwear w4 (—1.333)x0.378=-0.504
habis w5 (—1.333)x0.378=-0.504
stok wo] (-1.333)x0.378=—0.504
baru w7 0.667x0.277=0.185
jauh w8 0
bagus w9 0
kecil w10 0
ganggu wll 0
hal wl2 0.667x0.555=0.370
positif wl3 0.667x0.555=0.370
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raih wl4 0.667%0.555=0.370
Bias b 0.333

The SVM decision function that has been trained can now be written explicitly. For each new input vector xtest, its classification is
determined by a sign (positive or negative) of the output of the following function:

f(xtest) = sign(w - xtest + b)

If w-xtest+b>0, then xtest is classified as a Positive (+1 class). If w-xtest+b<0, then it is classified as a class Negative (-1). The value of
w-xtest+b itself is often referred to as a decision score or confidence score. Testing the model on the d3 document: "The new jersey of the
national team is much better than the previous but why are there small things disturbing". Normalized TF-IDF vector for d3 (x3)

Vector x3 has the following components:

1. New: 0.243

2. Away: 0.485

3. Good: 0.485

4. Small: 0.485

5. Disturb: 0.485

6. All other terms: 0

Next is to calculate the dot product w-x3:

17
w - Ty = E wy - (x3)k
E—1

Adding multiplication for non-zero components on x3:
w - x3 = (W7 X 0.243) + (w8 x 0.485) + (w9 x 0.485) + (w10 x 0.485) + (w11l x 0.485)
Using the w value from Table 2:
w - x3 = (0.185 x 0.243) + (0 x 0.485) + (0 x 0.485) + (0 x 0.485) + (0 x 0.485)
w-x3=0.0454+0+0+ 0+ 0 = 0.045
Decision score =w - x3 + b = 0.045 + 0.333 = 0.378
Classification = sign(0.378) = +1

Table 7: d3 Document Classification Test

Langkah I Deskripsi | Nilai
[0,0,0,0,0,0,0,
| Vektor 0.243, 0.485,
Input x3 0.485, 0.485,
0.485,0, 0,0, 0]
Hitung Dot
2 Product 0.045
w.x3
3 Tambahkan 4 04510333-0378
Bias b
Terapkan
4 Fungsi sign(0.378)
sign()
Hasil
5 Klasifikasi Positif (+1)
Akhir

4. Implementation

4.1. Testing

In the implementation, it will be explained about the results of the data test using the Support Vector Machine (SVM) method using python
and google colab to get the results of the accuracy of public sentiment data on social media twitter against the latest jersey design of the
Indonesian national football team.
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4.1.1. Program Analysis

Dalam analisa program ini hal yang dilakukan untuk mengetahui berapa jumlah data yang akan di analisis dari twitter serta menentukan
sentimen pada setiap data.

1. Determine the sentiment on each text data

polarity
negative 437
positive 308

Mame: count, dtype: inte4

tweet_tokens tweet tokens_fdist tweet_tokens WSW tweet normalized tweet_baku tweet_tokens_stemmed text polarity score peolarity
rinfo’, beir, <FreqDistwitnd e S, info el
phla camples and 4 1110 el I'j‘Emr::\sf] [infor Dﬂ“-t:;?::‘i [info, neu‘ﬁp:‘r::i [infor, Dell‘,-l:f"f:::q e 4 o
“mnas] outcomes> timnas
[saya’ 'ingin’
‘membell ‘rs:ﬁm:::g; [membeli ‘jersey, [membell, jersey’, [membell,jersey,  [Dbell,‘jersey’ ‘imnas’,  bell jersey 1 negative
jersey’ ple: Tmnas’, baniu] Timnas, ‘bani] timnas, bar A  UMnas baru : &
oulcomes>
“timnas..
R warganet
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'sebelal, yg" e ‘sebelair ey, o nendng . banding Al EE
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timnas je.
[SEF'::’D‘: <FreqDistwith 8 [bagus’, 'rating’ [bagus. Taing.  [bagus,faling, Lo bagus raling
'rag:g‘ samplesand 8 ‘jersey’, ferban’ jersey’, lerbans,  jersey, terbary, |29 "nam'g’xlﬁa; Jersey baru 2 posilve
jersey’, ter outcomes> timn... timn.. fimnas, erspo] timnas erspo
" ; Jersey
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iersey = stok
s, vg <FreqDistwith 9  [ngapain’‘aniy,  [ngapain'‘anig’, (apa,anjing, ., oy A
“teraknir’ I n A i, an: £ . 5 ['apa’, ‘anjing’, ‘jersey’, jersey .
. i un’ samples and 9 jersey’. timnas' ‘fersey’, timnas', Jersey. timnas, “imnas’, 'malay’] timnas -7 negative
QORI outcomes> ‘malay] ‘malay] malay] E
‘an. malay
['aknimya' : i . . . linat jersey
ek <FreqDist with 11 [liat, ‘jersey’ [linat’ jersey’ [inat, jersey, s )
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. . jersey bagus
[jersey’ e . '
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2. Visualization of sentiment with pie chart

Fig. 2: Determine the sentiment on each text data

Sentiment visualization with pie chart is an image that shows sentiment with a picture or diagram so that it is easy to understand

Sentiment Polarity on Tweets Data
(total = 745 tweets)

negative

positive

Fig. 3: Visualization of Sentiment with Pie Chart

3. Visualization of sentiment with bar charts
Sentiment Polarity on Tweets Data

400

300

Count

200

100

positive

negative
Polarity

Fig. 4: Sentiment Visualization with Bar Chart

4. Displaying Data with the Highest Positive Sentiment
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tweet_baku polarity_score polarity

1 [paham, bocan, Gk, sumber, daya. manusia, fan, bminas, ferendah, sedunia, Jersey, i, menfingkan, snaturecir, knas, ja, bangsa, dtonjolkan, puas, ihat,tampian, fersey, punya, ndal, maknal A postve

2 [erspo, resmi, meris, jersey, lerbary, kandang, timnas, indonesia, mengusung, tema, Indonesia, pusaka, semarak. kebanggaan, indonesia, jersey, menceritakan, wujud, semangat, kekuatan, - -
bangsa, mdonesa, diwaniskan, generasi, generas, eiemen, 1cojmdonya] o

A [erspo. resmi. meluncurkan, jersey, terbary, timnas, indonesia, 1aga, kualfikasi, piata, dunia, maret, tema, indonesia, pusaka, desain, jersey, menggabungkan, omamen, bunga, edehweis, simbol, = ey
kekayaan, alam, lambang, garuda] PO

4 {erspo, meniis, jersey, timnas, indonesia, terbaru, bertema. indonesia, pusaka, desainnya, mencerminkan, kekayaan, budaya. alam, respon, postif, warganet. tcoelynrvizn] 20 postive

s lprocusen, apparel, indonesia, erspo, resm, meris, ersey, erbary, tnas, indonesi, langkah, menandal, pencapaian,erspo, penyecia, apparel esmi, tmnas, sembian, menggantian, mis . e
Jersey, anyar, tcomgnytnbo] Poc

. [iersey, terbany, timnas, indonesia, erspo, penyedia, jersey, apparel, pssi, meluncurkan, jersey, kandang, timnas, InGonesia, Jersey, ijual, februart, nilal, jersey, tmnas, INdonesia, 1010, dok, erspo, @ "
tcoawsfjno] posk

7 [erspo, resmi, meris, jersey, imnas, indonesia, bertema, indonesia. pusaka, desainnya, memukau, mencerminkan, Kekayaan, budaya, Semangal, nasionaisme, jersey, debul, 1aga. Kalifkasi, piala, % %
dunia, maret, selengkapnya, tcoziefryot, icoznpryqua| o

s {desain, jersey, tmnas, cakap, secara, bsnis, ok, G, negarakiub, ahass, merek, Iokal, embus, pasar, ntemasionai, sefaras, prestasi, Bmnas, ngebangun, dukungan, fan] 17 posave

= [resmi, dinis, sekian, menunggu, jersey. terbaru, trmnas, indonesia, diriks, erspo, resmi, meriks, sore, kams, januan. jersey, terbary, timnas, mengusung, tema, indonesia, pusaka, agendakan, |5 e

lanjutan. laga, icooetcvaypt] POswE:

10 ferspo, rilis, jersey, tmnas, keren, gilaaak_menambah, keren, pas, lihat, foto, shayne] 15 postive

Fig. 5: Data with the Highest Positive Sentiment
5. Showing the 10 data with the Highest Negative Sentiment

tweet_baku polarity_score polarity

1 jersey, tminas, inconesia, bagus, long, Sieeve, CUMa, Celananya, bdak, usah, merannya, SMpINgnya, bagus, putin, polos. Menyaty, wama, puh, sajunya, tcovedus) 21 negatve
2 Imalaysia, jelek, jelek, parah, desain, jersey, tmnas, erspo, maal, malaysia, kiitk, keras, bokol, penjualannya, federasi, sadar, fan, malaysia, sekadar, angka, dipesas, uang, ficket, san, mesch, 16 negae
‘suaranya, ganggap]
3 [merminimatsir. drama, patut, apresiast, kisruh, jersey, cape. kemanin, drama, pelatin, timnas| 15 negatve
4 [warganet, negeri, sebelah, membandingkan, jersey. tmnas, jersey, timnas, komen, kiculucy, marah, lucu, ters, marah, sampal, jersey. sesual] 15 negatve
(] [bagus, ele, design, masin, relatif, jersey, edisi, ki, Telap, bagus, ferpenting, buka, bagusielek, designnya, pencapaian, imnas, palal jersey, Jersey, erspo, edisi, presiasi, melekal] 15 negative
g [bahasnya, out, topic, malu, bodoh, dibanggakan, hahia, olmpik, permah, emas, petati, butang, ambil, dari, neger, jran, jersey, keset, timnas, main, kat, manapun, main, cuma, kat, piata, mm;i TR—
T [Cakap, Gans, putin, keAnatan, agaK, felro, o9, sleeve, Kayaknya, Ded, jersey, Umnas) 13 negamve
8 [mermang, benar, jelek. jersey. kuning. bayangkan, jersey. timnas, mengamuk] 13 negative
9 [iersey. erspo. bagus, bange, jersey. Kenangan, menanges, menonton, bota, gara, gara. lmnas, menang, lawan, korsel, prala, asia, pas, penatinya, arhan, teoinoomjin] 412 negative
10 [lerjawab, erspo, s, jersey. timnas, cepat, mengalinksn, podkes, botak, dagu, miring, mengainkan, isu] 12 negatve

Fig. 6: 10 data with the Highest Negative Sentiment
6. Building SVM Models
SVM Accuracy: 8.8235204117647058
SVM Accuracy: 82.35%

SVM Classification Report:

precision recall fil-score  support

negative 8.86 8.84 8.85 114
positive 8.76 0.79 0.78 73
accuracy 8.82 187
macro avg 8.81 8.82 8.82 187
weighted avg @8.83 .82 .82 187

Fig. 7: Building SVM Models

7. Confusion Matrix

SVM Confusion Matrix

80

positif

- 70

- 60

True Label

- 40

negatif

-20

positif negatif
Predicted Label

Fig. 8: Confusion Matrix
5. Conclusion

Based on the results of the analysis of public sentiment on social media Twitter on the latest jersey design of the Indonesian national
football team using the Support Vector Machine (SVM) method, a total of 308 positive sentiments and 437 negative sentiments were
obtained. The SVM classification model showed quite good performance with an accuracy of 82.35%, a margin of error of 17.65%, a
precision of 76% for positive sentiment, and 86% for negative sentiment. The accuracy, precision, and recall values achieved indicate that
the SVM method can be used effectively in text-based sentiment analysis. These findings also indicate that public opinion tends to be more

negative than positive towards the release of the latest jersey design of the Indonesian national team, although positive appreciation is still
present among some Twitter users.
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