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Abstract. This paper conducts a sentiment analysis of presidential candidates in Indonesia's 2024 election using
Twitter data. Utilizing the "Indonesia Presidential Candidate’s Dataset, 2024" from Kaggle, containing 8555 Twitter
entries, sentiment was categorized as positive or negative. Preprocessing techniques cleaned and normalized the data,
followed by labeling with the VADER lexicon. This study contributes insights into public sentiment towards
presidential candidates and the effectiveness of machine learning algorithms for political sentiment analysis.
Purpose: This study aims to analyze public sentiment towards presidential candidates in Indonesia's 2024 election
using the N-Gram method. By employing Support Vector Machine and Random Forest algorithms, we compare their
performance in sentiment analysis. Utilizing the "Indonesia Presidential Candidate’s Dataset, 2024" from Kaggle,
containing 8555 Twitter data entries, we seek to provide insights into the electorate's perceptions and preferences,
contributing to a deeper understanding of the political landscape during this crucial period.

Methods/Study design/approach: The study uses Support Vector Machine (SVM) and Random Forest algorithms
for sentiment analysis on a dataset of 8555 tweets about Indonesia’s 2024 presidential candidates. SVM, paired with
TF-IDF, and Random Forest, paired with N-Gram, are used for feature extraction. The data is labeled using the Vader
lexicon.

Result/Findings: The study compared Support Vector Machine (SVM) with TF-IDF and Random Forest with N-
Gram methods in analyzing public sentiment towards Indonesia's 2024 presidential candidates. Results showed
Random Forest with N-Gram achieved 85% accuracy, outperforming SVM with TF-IDF at 82%.
Novelty/Originality/Value: This study provides insights into sentiment analysis applied to the 2024 Indonesian
presidential election, enhancing understanding of public sentiment dynamics. Comparing SVM with TF-IDF and
Random Forest with N-Gram contributes to the field, suggesting avenues for future research such as integrating
contextual information or social network analysis for deeper insights into political opinion trends.
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INTRODUCTION

The presidential election is a crucial moment where citizens cast their votes to determine the political
direction and policies of the country. The impact of technological advancements on presidential elections
is significant, affecting political campaigns, communication between candidates and voters, and the way
public opinion is shaped. The selection of a president is a cornerstone of democratic processes worldwide,
symbolizing citizens direct participation in governance[1]. Social media has become a primary platform
for individuals to express themselves and share opinions on various matters, including presidential
elections. Platforms such as Twitter, Facebook, and Instagram provide spaces for discussion, information
sharing, and opinion expression about presidential candidates. Social media allows the public to actively
engage in shaping public opinion and influencing political narratives. With the advent of social media
platforms like Twitter, public opinions on presidential candidates have become increasingly accessible
and influential[2]. Analyzing these opinions provides valuable insights into voter sentiments and
preferences, contributing to a deeper understanding of political landscapes[3].
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Twitter has become a platform for public freedom of expression. The sentiments they express can be
directed at various objects, including public views on the presidential election[4]. Public sentiments
written on Twitter can be analyzed in more detail using sentiment analysis techniques[5]. Sentiment
analysis is the process of determining sentiments and categorizing the polarity of text in documents or
sentences so that it can be classified as positive, negative, or neutral sentiment[6]. The sentiment analysis
process requires a lexicon-based method to identify whether the polarity of an opinion tends to be positive
or negative in a sentiment based on a dictionary, such as the Vader sentiment library[7]. Artificial
intelligence has another branch, text mining, which aims to extract useful information from unstructured
textual data through the identification and implicit patterns[8].

Support Vector Machine (SVM) is one of the classification methods using supervised learning that can
predict classes based on patterns from the data training process[9]. The classification technique involves
processing data and classifying it into two classes: positive and negative[10]. Random Forest is a
classification method based on the aggregation of decision trees[11]. This method is renowned for its
accuracy and its ability to handle small samples and high-dimensional feature spaces. Random Forest is
considered to work effectively on large datasets and has higher accuracy compared to other classification
algorithms[12].

METHODS

The method of analyzing public opinion is carried out in several stages. The first is inputting the
presidential candidate dataset, followed by the preprocessing stage, which includes data cleaning, case
folding, tokenization, normalization, stop word removal, and stemming. The next step is the labeling
process using the Vader lexicon, followed by feature representation using unigram, and finally, the
classification process using support vector machine and random forest algorithms. These steps are
illustrated in Figure 1.
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Figure 1. Research Method Flowchart
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Data Collection
The data was obtained from the Indonesia Presidential Candidate's Dataset, 2024, downloaded from the
Kaggle platform. The attributes of the dataset and their descriptions can be seen in Table 1.

Table 1. Dataset Input

created_at text

16/04/2023 17:00 Gerindra Party politician Sandiaga Uno responded to the question about being paired again with
former Jakarta Governor Anies Baswedan in the upcoming presidential election.

16/04/2023 16:14 Go ahead, Mr. Anies, we will support you until you become president.

16/04/2023 14:03 May Allah SWT protect the nation and the Republic of Indonesia from traitors to the people's

mandate. O Allah, the Most Gracious and Most Merciful, elevate the status of Brother Anies
Rasyid Baswedan to become the President of the Republic of Indonesia in the coming years and
beyond. Aamiin, Ya Rabbal 'Alamin.

Preprocessing

The preprocessing stages consist of data cleaning, case folding, tokenization, normalization, stop word
removal, and stemming. These stages are intended to clean the tweet data that contains numbers,
characters, or meaningless words, such as symbols, punctuation marks, retweets, mentions, hashtags, and
others, in order to assist the algorithm in classifying the text data[13].

Data Labelling

In the data labeling stage, tweets that have undergone preprocessing are then labeled using Valence
Aware Dictionary and Sentiment Reasoner (Vader). Vader will categorize the data into negative, positive,
or neutral based on their polarity by looking at the processed polarity score. If the polarity score is greater
than or equal to 0.05, the text will be labeled 1, which means positive. If the polarity score is less than or
equal to -0.05, the text will be labeled -1, which means negative. For neutral, with a label of 0, the
polarity score ranges between -0.05 and 0.05[14].

Data Splitting

To ensure a robust evaluation of the model’s performance, this study employs the K-Fold Cross-
Validation method. This technique divides the dataset into multiple subsets, where each subset takes turns
being the validation set while the remaining data is used for training. This approach helps in minimizing
overfitting and provides a more generalized performance assessment of the model. Figure 2 illustrates the
K-Fold Validation process, where the dataset is split into 10 equal parts. In each iteration, one part is
designated as the validation set (orange) while the rest are used for training (green).
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Figure 2. K-Fold Validation Illustration

The method used for data splitting in this document is K-Fold Validation. This method works by dividing

the dataset into ‘K’ number of folds or subsets. The process involves the following steps[15]:

1. Partitioning: The entire dataset is randomly partitioned into ‘K’ equal-sized folds.

2. Validation: In each iteration, one fold is used as the validation set (or test set), and the remaining ‘K-
1’ folds are used as the training set.
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3. Training and Testing: The model is trained on the ‘K-1" folds and then tested on the validation fold to
evaluate its performance.

4. Tteration: This process is repeated ‘K’ times, with each of the ‘K’ folds used exactly once as the
validation set.

5. Averaging: The ‘K’ results from the folds can then be averaged (or otherwise combined) to produce a
single estimation.

Model Evaluation
After splitting the dataset into 'K' folds and obtaining the classification model from training, the model is
tested with the testing data. The test results are then evaluated to determine the error rate and accuracy.

The following is the formula for K-Fold Validation in calculating accuracy results, as shown in the

formula below:
TP+TN

Accuracy = P @)
where :
TP : Number of data points that are actually Positive and correctly predicted as Positive.
FP : Number of data points that are actually Negative but predicted as Positive.
TN : Number of data points that are actually Negative and correctly predicted as Negative.
FN : Number of data points that are actually Positive but predicted as Negative.

The following is the formula for K-Fold Validation in calculating the overall accuracy results, as shown

in the formula below:
(K1 Accuracy+K, Accuracy+---+Ky Accuracy)

Measure Accuracy = — 2)
where :
Measure Accuracy : The average of all accuracies.
K, Accuracy : The accuracy result from each iteration.
K : The number of folds used.
Support Vector Machine

Support Vector Machine (SVM) is a supervised machine learning algorithm widely used for
classification, regression, and outlier detection tasks. The task of the Support Vector Machine algorithm is
to divide these two groups as effectively as possible by determining the best hyperplane. This involves
finding a boundary line that can separate the two groups with the maximum distance between the
outermost points in each group and the boundary line. Figure 3 below illustrates how the Support Vector
Machine (SVM) algorithm separates two different classes using a hyperplane.
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Figure 3. Support Vector Machine Illustration
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To separate two classifications using the optimal hyperplane, the following equation can be used:

fx)=wex+b 3)
where:
fx) : Decision function to predict the class of input data x.
b : Feature vector.
w : Weight vector.
b : Bias (constant).

: Dot product operation.

In the context of this research, SVM is utilized for its effectiveness in text classification, particularly for
sentiment analysis[13]. The SVM flowchart is shown in Figure 2.
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Figure 4. Flowchart Support Vector Machine

Random Forest

Random Forest is a machine learning algorithm used for classification, regression, and other tasks. It
operates by constructing a multitude of decision trees during training and outputting the class that is the
mode of the classes (classification) or mean prediction (regression) of the individual trees [13].
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Figure 5. Random Forest Illustration
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The Random Forest algorithm creates multiple decision trees, known as a forest. When classifying new
data, each decision tree produces a predicted category, and the forest selects the most frequent category.
The more decision trees in the Random Forest algorithm, the higher the accuracy.

Here are the formulas used in Random Forest:

Entropy (Y) = =Z;p(Y) log, p(Y) 4)

where:
Y : The dataset under evaluation.
p(Y) : The proportion of each class in the dataset Y.
log, p(Y) :log, from p(Y).

Information Gain (Y,a) = Entropy(Y) — Zyevaies(a) %Entropy(YV) (5)
where :
Entropy (Y) : The entropy value.
Values(a) : Values in set a..
[Yy | : Number of samples in subset Y.
Y| : Total number of samples in dataset Y.

Entropy(Y,) :Entropy of each subset Y, after separation.

In the context of this research, Random Forest is used to analyze public sentiment towards presidential
candidates in Indonesia for the year 2024. It is chosen for its ability to handle large datasets and its high
accuracy in classification tasks. The research aims to compare the performance of Random Forest with
Support Vector Machine (SVM) using the N-Gram method[12]. The Random Forest flowchart is shown
in Figure 6.
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Figure 6. Flowchart Random Forest
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RESULT AND DISCUSSION

In this study, the dataset used is data regarding presidential candidates in the 2024 presidential election,
downloaded from the Kaggle platform under the title 'Indonesia Presidential Candidate's Dataset, 2024,'
consisting of 10,000 data points. After inputting the dataset, the data will undergo preprocessing. This
stage functions to clean the data, which still contains numbers, characters, or meaningless words such as
symbols, punctuation marks, retweets, mentions, hashtags, and others, as well as to remove duplicate
data. The quantity of the database is reduced from the initial 10,000 raw data points to 8,555 clean data
points.

In the data labeling stage, tweets that have undergone preprocessing are then labeled using Vader. Vader
will categorize the data into negative, positive, or neutral based on their polarity by looking at the
processed polarity score. If the polarity score is greater than or equal to 0.05, the text will be labeled 1,
which means positive. If the polarity score is less than or equal to -0.05, the text will be labeled -1, which
means negative. For neutral, with a label of 0, the polarity score ranges between -0.05 and 0.05[14]. The
accumulated sentiment results based on the three categories of positive, neutral, and negative can be seen
in the Figure 7.
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Figure 7. Sentiment accumulation result

In this research, a comparison of the results of two text classification algorithm models was carried out
where the higher the accuracy of an algorithm model, the better the algorithm used. The research was
conducted using k-fold cross validation, namely by dividing the data into two randomly into training data
and testing data by weighting words using TF-IDF. The comparison is made with the ratio on the testing
data, which is 10% and iterations are carried out 20 times with a total of 8555 data. After preprocessing
and labeling the sentiment analysis on the Indonesia Presidential Candidate's Dataset on Twitter, then
classification using a support vector machine and Random forest, the comparison results are obtained as
shown in Figure 8.
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Figure 8. Classification accuracy results
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The accuracy results show that the support vector machine get the highest accuracy in the 8th and 17th
iteration with results 82% and random forest algorithms get the highest accuracy in the 4th iteration with
results 85%.

From the test results, overall random forest is better overall than the support vector machine algorithm in
classifying data about 8555 Indonesia Presidential Candidate's Dataset. With the level of accuracy
generated by the support vector machine algorithm and random forest algorithm, it is expected to be able
to analyze data sentiment on the Indonesia Presidential Candidate's Dataset well.

CONCLUSION

Based on the results of research that has been carried out on the independent campus policy on Twitter, it
can be ascertained that the way to analyze the sentiment about the independent campus public policy on
Twitter with a vector engine support algorithm and naive Bayes classifier is carried out in several stages.
The first stage is crawling data on Twitter social media, then preprocessing the data with stages of
cleaning, case folding, tokenization, normalization, stop word removal, and stemming. The next step is to
perform the data labeling process using Vader, then word vectorization of the data is carried out with TF-
IDF. The last step is to classify using a support vector machine algorithm and a naive Bayes classifier.

The study compared the effectiveness of Support Vector Machine (SVM) with TF-IDF and Random
Forest with N-Gram in analyzing public sentiment towards presidential candidates in the 2024 election.
Through a multi-step process with 20 folds and a 10% testing data ratio, revealed that Random Forest
with N-Gram achieved the highest accuracy of 85%, surpassing SVM with TF-IDF which attained 82%.
This suggests that Random Forest with N-Gram is superior in sentiment analysis of presidential
candidates' public opinion for the 2024 election. With 4972 positive sentiments, 1448 negative
encompassing dataset input, preprocessing, labeling with Vader lexicon, feature representation using
unigram, and classification, sentiment analysis was conducted. The evaluation, employing K-fold
validation sentiments, and 2125 neutral sentiments identified, the majority of the public opinion towards
the candidates was positive.
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