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Abstract

This study aims to analyze public sentiment towards the performance of the Indonesian National Football Team during
the Patrick Kluivert era using the Random Forest Classifier algorithm. The research data was obtained from 1,000
Twitter tweets collected through web scraping with relevant keywords, between January and March 2025. The
obtained data was processed through the stages of cleaning, case folding, tokenization, stemming, and stopword
removal, then converted into numeric form using the Term Frequency—Inverse Document Frequency (TF-IDF)
method. Sentiment was categorized into two classes, namely positive and negative. The test results showed that the
Random Forest model was able to classify sentiment with an accuracy rate of 83% with a precision value of 100%, a
recall of 33.33%, and an Fl-score of 50%. This finding confirms that public opinion towards the Indonesian National
Team during the Kluivert era is divided into two main tendencies: positive support and negative criticism. This study
proves that the Random Forest algorithm is effective for social media-based sentiment analysis and can be a reference
for the PSSI and related parties in understanding public perception to improve the quality of team strategy and
performance.
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INTRODUCTION

Football is the most popular sport in Indonesia, serving not only as entertainment but also as a
means of national unity. The high level of public interest in this sport is evident in the intense
discussions, from children to adults. However, despite such strong public support, the Indonesian
National Team (Timnas), especially the senior team, still faces difficulties achieving success in Asian
and international tournaments. Since independence, the Indonesian National Team has never qualified
for the World Cup, and its best opportunity is usually only in the AFF Cup.[1] The change of coach
from Shin Tae-yong to Patrick Kluivert in January 2025 marked an effort by the PSSI (Indonesian
Football Association) to adopt the Dutch football philosophy and utilize the potential of diaspora
players. Kluivert, a former Dutch national team striker with experience coaching various clubs, was
expected to bring a more modern strategy. However, this change sparked pros and cons among the
public, reflected in opinions on social media.

The digital era has made social media, particularly Twitter, a primary means for people to
express their views. According to data from Social (2022), there are 191.4 million social media users
in Indonesia, representing 88.5% of the population aged 13 and over, and Twitter is among the top
five most-used platforms. This large user base presents an opportunity to extract public opinion in real
time through sentiment analysis. Twitter provides a rich and diverse data source on national football
topics, making it relevant for research.

Several previous studies have utilized machine learning algorithms to analyze public
sentiment. For example, Twitter sentiment analysis using Random Forest on hotel customers in
Purwokerto achieved 87.23% accuracy . Sentiment analysis related to online learning policies using
K-NN achieved 84.93% accuracy. Meanwhile, sentiment analysis of the Indonesian National Team
after the 2020 AFF Cup final showed different performance between the K-NN and Random Forest
algorithms [4]. However, a study specifically highlighting the performance of the Indonesian National
Team during the Patrick Kluivert era has never been conducted before, so this research fills that gap.

Based on the background and brief literature review, this study aims to analyze public
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sentiment toward the performance of the Indonesian National Team during Patrick Kluivert's coaching
tenure using the Random Forest algorithm. This method was chosen because of its ability to combine
predictions from various decision trees, resulting in a more stable and accurate classification than a
single approach. The results are expected to provide in-depth insight into public opinion trends
(positive and negative) and provide input for the Football Association of Indonesia (PSSI), coaches,
and sports media in formulating communication strategies and improving the performance of the
Indonesian National Team on the international stage.

RESEARCH METHODS

This study uses a quantitative text mining approach to analyze public sentiment toward the
performance of the Indonesian National Football Team during the Patrick Kluivert era. Data was
collected from Twitter using web scraping techniques with relevant keywords from January to March
2025, resulting in 1,000 tweets serving as the research dataset. Irrelevant public comments were
eliminated using a purposive sampling approach to ensure the analyzed data was more focused and
representative of the research topic.

The obtained data is then processed through pre-processing stages which include cleaning to
remove punctuation, symbols, URLs, hashtags, and usernames, then case folding to standardize letters
to lowercase, followed by tokenization to break the text into words, stemming to convert affixed words
to their basic form, and stopword removal to filter out words that have no significant meaning. After
this stage, each tweet is manually labeled with positive or negative sentiment with the help of the
Python NLTK and Sastrawi libraries to form training and test data ready to be used for model training.

The labeled text data was then converted into a weighted numeric representation using the
Term Frequency—Inverse Document Frequency (TF-IDF) method to measure the importance of words
in each tweet relative to the entire corpus. The resulting TF-IDF representation was used as input for
the classification process using the Random Forest algorithm. This algorithm was chosen for its ability
to combine multiple decision trees to improve prediction stability and accuracy and reduce the risk of
overfitting.

Model performance was evaluated using accuracy, precision, recall, and F1-score metrics to
provide a comprehensive overview of the model's ability to accurately classify positive and negative
sentiment. This comprehensive approach was designed to provide accurate classification results and
benefit stakeholders in understanding public perception of the Indonesian national team under Patrick
Kluivert's coaching.

RESULTS AND DISCUSSION

This study successfully collected 1,000 reviews or public opinion data regarding the
performance of the Indonesian National Football Team during the Patrick Kluivert era, obtained from
social media platforms like Twitter. The dataset contained diverse comments, ranging from support
and criticism to suggestions, which were then processed using text mining. After pre-processing
processes such as cleaning, case folding, tokenization, stemming, and stopword removal, the data,
originally in raw text form, was converted into a weighted numeric representation using the TF-IDF
method.
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Table 1. Dataset
No Data
miss Shin Tae Yong
Just one word fire
Garuda Spirit
The hope of getting through to the general election has been
destroyed because of ego
5 In firing STY Salute to coach PK and the coaching staff for giving more confidence
to th players who performed well in the previous match

AW N (-

Data Preprocessing
The data pre-processing stage is carried out through five sequential processes: cleaning, case

folding, tokenization, stemming, and stopword removal. Each stage is designed to optimize data
quality before feature extraction is carried out.
Cleaning

Using a dataset of 1,000 reviews, the initial preprocessing step involved data cleaning. The
goal of this process was to remove irrelevant characters, such as punctuation and special symbols.
Figure 1 shows the code implementation for the cleaning process, while Table 2 presents an example
of the cleaning results.

£ clean text(text):

if isinstance(text, st

Figure 1. Input Cleaning
Table 2. Cleaning Process Results

No Original Tweet After Cleaning

1 miss Shin Tae Yong miss Shin Tae Yong

2 just one word fire just one word fire

3 Garuda Spirit Garuda Spirit

4 The hope of getting through to the The hope of getting through to the
general election has been destroyed general election has been destroyed
because because
ego fires STY ego fires STY

5 Salute to coach PK and the coaching Salute to coach PK and the
staff for giving more confidence to coaching staff for giving more
players who performed well in the confidence to players who
match. performed well in the match.
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previously previously

Folding Case

Case folding is the process of converting all letters to lowercase. This process converts the
characters 'A'-'Z' in the data into the characters 'a'-'z'. Figure 2 shows the code implementation for the
case folding process, while Table 3 presents an example of the case folding results.

Figure 2. Input Case Folding
Table 3. Case Folding Process Results

No After Cleaning After Case Folding

1  miss Shin Tae Yong I miss Shin Tae Yong

2 just one word fire just one word fire

3 Garuda Spirit Garuda spirit

4 The hope of getting through to the hopes of getting through to the
general election has been destroyed general election have been
because destroyed because
ego fires STY €go mecat sty

5 Salute to coach PK and the coaching Salute to coach pk and the coaching
staff for giving more confidence to staff for giving more confidence to
players who performed well in the players who performed well in the

match. match
previously previously

Tokenize

At this stage, each word in a sentence in the document is separated. Word separation is
generally done using spaces. While writing styles can vary, the main goal is to break the sentence into
its constituent words. Figure 3 shows the code implementation for the tokenization process, while
Table 4 presents an example of the tokenization results.

m nltk,tokenize

regexp = RegexpTokenizer (

sample| ] samplef |.apply(regexp.tokenize)

output file path

le.to excel(output file path, index-

output

Figure 3. Tokenize Input
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Table 4. Tokenization Process Results

No After Case Folding After Tokenize
1 I miss Shin Tae Yong [Miss', 'shin', 'tae’, 'yong']
2 just one word fire ['only’, 'one', 'word', 'fire']
3 Garuda spirit ['Spirit','garuda’]
4 Hopes of getting through to the general  ['destroyed', 'already’, 'hope', 'passed, 'to',

election have been destroyed because  'pildun’, 'because’, 'ego’, 'fire’, 'sty']

of ego, which caused Sty to fire ['salute', 'same', 'coach’, 'pk', 'and’, 'line-up',
5 Salute to Coach PK and the coaching  'coaching', 'give’, 'trust’, 'more’, 'to',

staff for giving more confidence to the  'players', 'who', 'appear’, 'good', i,

players who performed well in the 'match’, 'previously’]

previous match|

Stemming
StemmingConverting words in a document to their base or root form. The stemming process
in Indonesian documents is quite complex because it requires removing all affixes from the words.
Figure 4 shows the code implementation for the stemming process, while Table 5 presents an
example of the stemming results.

Figure 4. Input Stemming

Table 5. Stemming Process Results

No After Tokenize After Stemming

1 ['miss', 'shin’, 'tae', 'yong'] ['miss', 'shin', 'tae', 'yong']

2 ['only', 'one', 'word', 'fire'] ['fire']

3 ['spirit', 'garuda'] ['spirit', 'garuda']

4 ['destroyed', 'already’, 'hope', 'passed', ['destroyed', 'already’, 'hope', 'passed',
'to, 'pildun’,
'pildun’, 'because', 'ego’, 'fire', 'sty'] 'ego’, 'fire', 'sty']

5 ['salute', 'same’, 'coach’, 'pk', 'and', 'line', ['salute’, 'coach’, 'pk', 'line up', 'train',

‘coaching', 'give', 'trust, 'more', 'to', 'believe', 'play’, 'appear’, 'good’, 'match']
‘players', 'who', 'appear’,
'good', 'in’, 'match’, 'previous']
Stopword Remover
At this stage, a filtering process is carried out on words that are commonly used or rarely
contribute significant meaning, known as stopwords. This process is called "Stopword Removal." By
removing these words, this process can improve classification effectiveness, reduce data scatter, and
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significantly reduce the dimensionality of the feature space. Figure 5 shows the code implementation
for the stopword removal process, while Table 6 presents an example of the stopword removal results

Figure 5. Stopword Removel input
Table 6. Stopword Removal Process Results

No After Stemming After Stopword Removal

1 ['miss', 'shin’, 'tae', 'yong'] miss you, shin, tae, yong

2 ['fire'] fired

3 ['spirit', 'garuda'] spirit, Garuda

4 ['destroyed', 'already’, 'hope',  destroyed, finished, hope, pass, pildun, ego, fired, sty
'passed’,
'pildun’, 'ego’, 'mecat’, 'sty']

5 ['salute’, 'coach', 'pk', 'jajar’, salute, coach, pk, line up, train, believe, play, appear,
'train’, 'believe’, 'play’, good, compete

'perform', 'good', 'match']
1. TF-IDF Labeling Process
This labeling process is carried out using the TF-IDF method. The TF-IDF weighting
program code can be seen in Figure 6.

Figure 6. Tf-Idf weighting

2737

https://ijhet.com/index.php/ijhess/


mailto:editorijhess@gmail.com

International Journal Of Health, Engineering And Technology (IJHET) E-ISSN 2829 - 8683

Volume 4, Number 6, March 2026, Page. 2732 - 2743
Email : editorijhess@gmail.com

Tf-1df Weighting Results

{'miss': np.float64(0.5092), 'shin': np.float64(0.4710), 'tae':
np.float64(0.5092), 'yong': np.float64(0.5092)}

{'fire': np.float64(1.0)}

{'spirit': np.float64(0.7358), 'garuda': np.float64(0.6771)}

'ego': np.float64(0.4280), 'mecat': np.float64(0.4099), 'sty':
np.float64 (0.2772)}

{'salut': np.float64(0.4163), 'coach': np.float64(0.2779), 'pk':
np.float64 (0.3634), 'jajar': np.float64(0.3634), 'latih': np.float64(0.2181),
'percaya': np.float64(0.3529), 'main': np.float64(0.1656), 'tampil':
np.float64 (0.3763), 'bagus': np.float64(0.2661), 'tanding':
np.float64 (0.2705)}

After the word weighting process using the TF-IDF method is complete, the next step is to
label the weighted results for classification purposes. This labeling aims to associate each text
representation vector with the appropriate sentiment label, such as positive or negative, so that the data
is ready for use in the model training process. The TF-IDF labeling process can be seen in Figure 7,
which shows the relationship between feature values and their respective sentiment classes. This step

is crucial in ensuring that the model can learn the correct patterns from the labeled data.

Figure 7. T{-1df labeling
Table 7 Tf-1df Labeling Results

No Tf-1df Values Sentiment

1 {'miss": np.float64(0.5092), 'shin": np.float64(0.4710), Positive
'tac": np.float64(0.5092), 'yong'": np.float64(0.5092)}

2 {'fire": np.float64(1.0)} Positive

3 {'spirit": np.float64(0.7358), 'garuda": Positive
np.float64(0.6771)}

4 {'destroyed': np.float64(0.4280), 'already": Positive
np.float64(0.2578),

'hope': np.float64(0.3408), 'pass': np.float64(0.3228),
'pildun': np.float64(0.3189), 'ego": np.float64(0.4280),
'mecat’: np.float64(0.4099), 'sty': np.float64(0.2772)}

(V)]

{'salute": np.float64(0.4163), 'coach": Negative
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np.float64(0.2779), 'pk':

np.float64(0.3634), 'align': np.float64(0.3634), 'train":
np.float64(0.2181), 'believe': np.float64(0.3529),
'main":

np.float64(0.1656), 'appear': np.float64(0.3763), 'good":
np.float64(0.2661), 'match': np.float64(0.2705)}

Random Forest Implementation

The sentiment analysis model was built by integrating the Random Forest algorithm into the
Google Colab platform. Pre-processed public opinion data was combined into strings for easy analysis,
then separated into features (X) and labels.

(y). Next, the data is divided into training data and test data with a ratio of 80:20. Text features
converted into a numerical representation using the TF-IDF Vectorizer so that the model can recognize
the importance level of each word.

A Random Forest Classifier algorithm with 100 decision trees (n_estimators = 100,
random_state = 42) was trained using TF-IDF transformed training data. The trained model was used
to predict sentiment on unprocessed test data. Model performance was evaluated using a confusion
matrix and accuracy, precision, recall, and F1-score metrics to assess the model's ability to accurately
classify public sentiment.

Test results showed that Random Forest was able to classify negative sentiment with a zero
error rate and achieved an overall accuracy of 83% in an 80:20 data split scenario. However, the model
still showed weakness in the positive class, with relatively low recall values. Therefore, future training
data balancing is needed to improve the performance of both classes.

Random Forest Testing

After the Random Forest model has been trained using the TF-IDF transformed training data,
the next step is to test its performance on the test data. The evaluation is conducted using a confusion
matrix and metrics such as accuracy, precision, recall, and Fl-score. This approach provides a
comprehensive overview of the model's ability to distinguish positive from negative sentiment.

The test results show that in the 80:20 data split scenario, the model achieved the highest
accuracy of 83%, while in the 50:50 data split, the accuracy decreased to 77%. The confusion matrix
shows that the model is very good at recognizing negative sentiment with a zero error rate (False
Positive = 0) and 149 negative data were correctly classified (True Negative). However, there are still
weaknesses in the positive sentiment because some positive data are predicted as negative (False
Negative), so the recall value for the positive class is relatively low despite its high precision.

Confusion Matrix

40

Figure 8. Confusion Matrix
Overall, the test results demonstrate that the Random Forest algorithm is effective for social
media-based public sentiment analysis, but model performance is significantly affected by the balance
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of training data and parameters used. These findings provide the basis for further development to allow
the model to recognize both sentiment classes more effectively.
Decision Tree

The Random Forest algorithm works by constructing a number of decision trees, each trained
using a randomly selected data sample and combination of features. The final prediction is obtained
by aggregating the results of all the trees, for example by majority voting. This approach makes
Random Forest more resistant to overfitting and remains accurate even when data is incomplete or
imbalanced.

The decision tree visualization generated in this study demonstrates how the model distinguishes
positive and negative sentiment based on the words used as features. The color and branching at each
node depict the data distribution and the algorithm's chosen separation criteria, providing an
interpretive overview of how the model makes decisions in classifying public sentiment, as shown in
Figure 9.

Fohon Kepetusan ke-1

- 10l
ot = F12% 471 ! .
o | ¥
e 4]
e -

Figure 9. Example of Decision Tree Visualization of Random Forest Model Tree 1

The first decision tree structure visualization showing the branching of features to distinguish
positive and negative sentiment.

A quality analysis of the five visualized trees shows that the first and fourth trees have simpler
structures, many nodes with low Gini values (0.0), and clear branching, resulting in a cleaner and more
balanced class differentiation. An example of the fourth tree can be seen in Figure 10.
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Pabon Keputusan ke d

Figure 10. Example of Decision Tree Visualization of Random Forest Model Tree 4

In contrast, the fifth tree has the most complex structure, with many nodes with Gini values
approaching 0.5 and long branching, making it prone to overfitting. An example of the fifth tree can
be seen in Figure 11.

Puhon Keputusan ke.5

Figure 11. Example of Decision Tree Visualization of Random Forest Model Tree 5

The best nodes are found in all trees with a Gini value of 0.0, indicating perfect purity, for
example, in the first tree with a node containing five positive samples. The worst nodes are found in
branches with a Gini value close to 0.5 and a nearly balanced class distribution, such as in the second
tree (value [12,11]), the third tree (value [13,11]), and the fifth tree (value [10,9]), indicating the model
has difficulty distinguishing sentiment at that point.

These findings show that decision tree visualization is not only useful for model interpretation,
but also for identifying the most effective and most error-prone parts of the model, which can serve as
a basis for parameter improvement or future modeling strategies.
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CONCLUSION

This study successfully analyzed public sentiment toward the performance of the
Indonesian National Football Team during the Patrick Kluivert era using the Random Forest
algorithm. Based on 1,000 Twitter tweets collected and processed through text mining, the
Random Forest model achieved an accuracy of 83%, with high precision in the negative class
but a relatively low recall value in the positive class. These results indicate that public opinion
toward the Indonesian National Team is divided into two main tendencies: positive support
and negative criticism. This study proves that the Random Forest algorithm is effective for
social media-based sentiment analysis and can serve as a reference for the PSSI and related
parties to understand public perception more deeply.

This study still has limitations in the data imbalance between positive and negative
sentiment, which impacts model performance in certain classes. Therefore, future research is
recommended to expand the data set to achieve a more balanced sentiment distribution and
explore other machine learning algorithms or more complex ensemble methods to improve
classification performance. Furthermore, the resulting decision tree visualization can be used
as a basis for optimizing feature selection so that the classification results are more accurate
and interpretative.
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