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ABSTRACT Article information:
Multi-label text classi�cation in social media comments presents a signif-
icant challenge in natural language processing. Several previous studies
have conducted sentiment analysis on candidate (presidential and guber-
natorial) elections using machine learning approaches. However, an opinion
can contain more than one category or label simultaneously, such as sen-
timent, candidate, or certain issues. This study proposes a multi-label
classi�cation model to improve accuracy, addressing challenges such as
complex language structure, non-standard word usage, and imbalanced
data. The proposed model is compared with three popular classi�ca-
tion algorithms: Naive Bayes (NB), Support Vector Machine (SVM), and
K-Nearest Neighbours (KNN), for handling multi-label text classi�cation
tasks. The proposed model comprises a classi�cation pipeline that includes
data preprocessing, feature extraction using TF-IDF, and the integration
of the GridSearchCV technique to enhance algorithm performance and ef-
fectiveness. The evaluation is conducted using multi-label metrics such
as Precision, Recall, and F1-Score. The experiment results showed that
SVM with GridSearchCV provided the best performance in terms of pre-
cision and generalization on the gubernatorial election dataset. SVM +
GridSearchCV yielded scores of 97.4% and 99.2% for candidate labels, and
99.2% and 99.0% for sentiment labels. While NB and KNN also showed im-
provements, their performance was not as signi�cant as SVM. NB outper-
formed in computational performance, whereas KNN demonstrated poor
performance on high-dimensional data.
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1. INTRODUCTION

The advancement of information and communica-
tion technology has driven the rapid growth of so-
cial media as the main platform for people to express
their opinions, criticisms, and support for various is-
sues [1]. Comments published on social media, such
as Twitter, Facebook, and Instagram, not only re�ect
individual expressions but can also be a rich source of
data for public opinion analysis and data-based deci-
sion making. However, the natural characteristics of
social media comment data are unstructured, diverse,
and often contain more than one topic or sentiment,

especially in regional head elections [2]. This poses
challenges in the analysis process, especially in the
context of multi-label text classi�cation.

In multi-label text classi�cation, one comment can
be categorized into more than one class or label at the
same time. For example, a comment can contain neg-
ative sentiment as well as be related to political issues
from other candidates [3]. The main challenge in this
multi-label classi�cation lies not only in the complex-
ity of the relationship between labels, but also in the
imbalance in the distribution of labels, where some
labels appear very dominant while others are only a
few [4].

1The author is with the Department of Informatics, Universitas Ahmad Dahlan, Yogyakarta, Indonesia, Email: her-
man.yuliansyah@tif.uad.ac.id
2The author is with the Master Program of Informatics, Universitas Ahmad Dahlan, Yogyakarta, Indonesia, Email: ardian-
riki199@gmail.com
3The author is with the Department of Electrical Engineering, Universitas Ahmad Dahlan, Yogyakarta, Indonesia, Email:
eyudhana@ee.uad.ac.id
1Corresponding author: herman.yuliansyah@tif.uad.ac.id



A Machine Learning Approach for Multi-Label Classification in Candidate Election Social Media Analysis 51

Fig.1: Proposed machine learning pipeline.

Various machine learning algorithms have been
used to handle multi-label text classification, in-
cluding Naive Bayes (NB), Support Vector Ma-
chine (SVM), and K-Nearest Neighbor (KNN). NB
is known to have fast and simple performance [5],
but is often not accurate enough for complex data.
SVM excels in separating classes with optimal mar-
gins and is suitable for high-dimensional data, while
KNN offers an easy-to-understand data similarity-
based approach. However, the performance of these
three methods can be significantly affected if the label
distribution in the dataset is very imbalanced and op-
timization of the three methods using the addition of
the GridSearchCV technique to improve the perfor-
mance and effectiveness of the algorithm combination
[6].

To overcome the problem of data imbalance,
oversampling approaches are used, such as Syn-
thetic Minority Over-sampling Technique (SMOTE)
and Adaptive Synthetic Sampling (ADASYN) [7].
SMOTE works by creating synthetic examples of the
minority class to balance the data distribution, while
ADASYN is a development of SMOTE that adjusts
the amount of synthesis based on the learning dif-
ficulty of the minority data. The use of these two
methods aims to improve the algorithm’s ability to
improve overall classification performance, especially
in the multi-label context [8].

This study aims to propose and compare the
performance of NB, SVM, and KNN algorithms in
multi-label text classification on social media com-
ment data, both before and after the application
of SMOTE and ADASYN. The evaluation was con-
ducted using accuracy, precision, recall, and F1-score
metrics to assess the effectiveness of the combination
of algorithms and data balancing techniques in han-

dling the complexity and label imbalance in social
media comment data for the Gubernatorial Election.
The results of this study are expected to contribute to
the selection of optimal methods for automatic pub-
lic opinion classification in various digital social con-
texts.

2. METHOD

Based on Figure 1, the process started by loading
the dataset. An opinion text serves as the input vari-
able and six output classes, namely the number of
three presidential candidates and three gubernatorial
candidates. These input variables are transformed
into numeric data using TF-IDF. Furthermore, the
SMOTE and ADASYN methods are used to handle
data imbalance in each algorithm and compare the re-
sults of several methods with performance optimiza-
tion using GridSearchCV and to classify the presiden-
tial and gubernatorial candidate data sets. Cross-
validation is used to calculate the predicted perfor-
mance values of the Naive Bayes, SVM, and KNN
algorithms.

2.1 Data Collection

This study uses two data sets, where the first
data set is the President and the second data set
is the Governor. The first dataset uses a https://

data.mendeley.com/datasets/7w5zvr8jgp/5. The
second dataset was collected via Twitter using the
Tweet-Harvest method, which utilizes Twitter API
authentication tokens to retrieve tweets and user
metadata [9]. The majority of user tweets are in En-
glish because more analysis tools are available [10].
Data was collected using a Python module scraping
[11]. The scraped datasets were stored in CSV format

Table 1: Presidential Candidate Dataset.
Candidate Label Capres Number of Data Positive Labels Negative Labels

Anies Baswedan 10001 6455 3546
Prabowo Subianto 10002 7369 2633
Ganjar Pranowo 10002 7831 2171

Table 2: Gubernatorial Candidate Dataset.
Candidate Label Cagub Number of Data Positive Labels Negative Labels

Pramono Anung 4048 2945 1103
Ridwan Kamil 4026 1790 2236

Dharma Pongrekun 4024 1919 2105
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Fig.2: Data collection.

to facilitate further analysis. The first and second
datasets are shown in Tables 1 and 2.

Figure 2 shows the program code to collect data
from the 2024 Jakarta gubernatorial candidates, us-
ing the Twitter API with keywords on the three can-
didates, and the data time range from the end of 2023
to the beginning of 2025 was collected, along with the
limit on the number of tweets retrieved per day.

2.2 Data Preprocessing

Text preprocessing techniques play an important
role in converting unstructured textual data into
structured formats, which facilitate analysis and pre-
diction for various tasks, such as sentiment analysis.
Text preprocessing is conducted with the aim that
the initial data is processed through several stages
until the data is completely ready to be used [12].
Text cleaning is the process of removing unwanted
words to reduce interference in the classification pro-
cess. Words that are removed, for example, charac-
ters [13]. Case folding is to return all words to all low-
ercase letters so that the processed text data is all in
the same form. Tokenization is a method of roughly
dividing a series of characters in text into words to
distinguish between certain characters that may or
may not be treated as word breaks [14]. Then the
process of removing stopwords is carried out, namely
the filtering process, selecting important words from
the token results, namely what words are used to rep-
resent documents [15]. Later, stemming is conducted
for the process of mapping and parsing various forms

of words into their basic forms [16]. Figure 3 explains
the pre-processing data flow for the Candidate for
Governor dataset, which is part of the research pro-
cess to obtain clean data, with the aim of facilitating
further analysis.

2.3 Feature Weighting

TF-IDF is one of the earliest and most common
unsupervised weighting methods [17]. The intuition
behind TF-IDF is that, for some contexts, some terms
are more important than others to describe a docu-
ment. For example, a term that appears in all doc-
uments has no substantial relevance to help identify
documents. Equation 1 describes TF-IDF, where N
is the number of documents in the corpus and DF (ti)
corresponds to the frequency of documents in which
term ti appears in the collection. TF-IDF and TF are
considered unsupervised term weighting schemes be-
cause they do not take into account class information
[18].

WTF.IDF (Ti) = TF (ti, dj)x log

(
D

DF (ti)

)
(1)

2.4 Aspect Based Sentiment Analysis

Aspect-Based Sentiment Analysis (ABSA), as a
multi-label classification, is a branch of sentiment
analysis that is more specific and in-depth than the
traditional sentiment approach. If sentiment analysis

Fig.3: Data preprocessing.
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(single-label classification) only focuses on determin-
ing the overall polarity of an opinion (positive, nega-
tive, or neutral), then ABSA aims to identify and an-
alyze sentiments directed at specific aspects of an en-
tity in the text [19]. Overall, Figure 4 this code snip-
pet is part of an important step in ABSA, which is to
convert data in text format and label lists into a nu-
meric format that can be processed by machine learn-
ing algorithms such as Naive Bayes or SVM. This la-
bel binarization process allows the system to perform
multi-aspect classification simultaneously, for exam-
ple, identifying public sentiment towards various po-
litical candidates or the various issues they support.
In the context of politics, this process supports Opin-
ion Target Extraction (OTE) to detect who is the tar-
get of the opinion, Aspect Category Detection (ACD)
to determine the category of aspects, such as candi-
dates or issues, and Sentiment Polarity (SP) to clas-
sify public sentiment towards these aspects [20].

2.5 Synthetic Minority Over-sampling Tech-
nique

The SMOTE algorithm is used to generate new
observations. SMOTE is an over-sampling technique
where, instead of duplication, minority class obser-
vations are over-sampled by generating synthetic ob-
servations [21]. Each minority class sample is over-
sampled by generating synthetic samples along the
line segments connecting all or some of the K nearest
neighbors of the minority class [22]. After that, the
minority and majority class observations are merged.
Figure 4 explains the oversample data function to im-

prove model performance on candidate labels for im-
balanced data in SMOTE and ADASYN. Synthetic
data is created based on nearest neighbors with the
parameter k neighbors = 3. (x train), label (y train),
and the oversampling method. This function receives
input feature data. ADASYN uses additional syn-
thetic data adaptively as much as 50% of the number
of each class, based on the sampling strategy for can-
didate labels. The final result of this function is new
training data (x resampled, y resampled) that is al-
ready balanced.

2.6 Adaptive Synthetic Sampling

Adaptive synthetic sampling, often known as
ADASYN, is an additional oversampling method used
in Imlearn (Imbalanced Learn). ADASYN is almost
similar to SMOTE, with only one important differ-
ence [23]. The ADASYN technique is based on the
adaptive generation of minority data samples accord-
ing to their distribution. By assessing the learning
challenge of minority samples, ADASYN oversam-
pling technology aims to estimate the weighted dis-
tribution of minority samples [24]. Figure 5 explains
the oversample data function to improve model per-
formance on sentiment labels for imbalanced data on
SMOTE and ADASYN. There is a change for the
ADASYN model, additional synthetics of 50% of the
number of each class are not used on the sentiment
label, because minority samples can be used. Based
on the sampling for synthetic data, sentiment labels
are made based on the nearest neighbors with the pa-
rameter k neighbors = 3. (X train), label (y train),

Fig.4: Oversampling candidate label.

Fig.5: Oversampling sentiment label.
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and the oversampling method, this function receives
input feature data. The final result of this function is
new training data (X resampled, y resampled), which
is already balanced.

2.7 Näıve Bayes

Naive Bayes (NB) is a probabilistic classifier based
on Bayes’ theorem with the assumption of conditional
independence between each pair of features given the
class variable. This assumption allows parameter fac-
torization [25]. Despite this simplification, which is
often violated in practice, NB often obtains competi-
tive accuracy on various classification tasks. The in-
dependence assumption gives NB several advantages,
such as efficient parameter learning [26], the absence
of structure learning, and the ability to function ef-
fectively with relatively small amounts of data, since
it only estimates bivariate statistics. These advan-
tages contribute to the widespread use of NB. Equa-
tion 2 shows that µ and σ are estimates of the mean
and standard deviation using the maximum likeli-
hood principle [27].

P (v|y) =
1√

2πσ2
· (v − u)2

2σ2
(2)

2.8 Support Vector Machine

Support Vector Machine (SVM) is an algorithm
that uses optimization theory and hypothetical space
in a series of pattern recognition fields and uses ker-
nels to map input space [28]. SVM is often imple-
mented for various problems and purposes, such as
pattern identification, bioinformatics, and text classi-
fication by describing the hyperplane as an input fea-
ture consisting of two classes, then re-optimized into
more than two classes [29]. The unlimited function
in hyperplane search in the Support Vector Machine
method is an advantage, where processing will always
be possible regardless of the data used. Equation 3
shows the algorithm in the hyperplane process.

f(x) =
∑m

i=1
sign(αiyiK(x xi) + b) (3)

2.9 K-Nearest Neighbors

Classification of datasets using the K-Nearest
Neighbors (KNN) method. The main purpose of this
algorithm is to divide objects based on attributes and
training samples. The KNN algorithm uses proximity
classification at points as an estimated value of the
new query instance. This study uses cross-validation
model validation for assessing KNN performance by
dividing the K value into all parts of the dataset. The
K part is used as test data in assessing KNN perfor-
mance with a predetermined K range[30]. The for-
mula for calculating the closeness between two cases
can be seen in Equation 4.∑n

i=1

∫
(Ti, Si) ∗ wi
wi

(4)

2.10 Cross Validation

Evaluation of the assessment details is carried out
using the k-fold cross-validation method with a value
of k = 10. This evaluation method is widely used for
text classification [31]. Cross-validation (K-Fold) is a
method used to evaluate predictions that are divided
into training samples and test samples. Most of the
data partitions are divided to train the model, and
a small part is used for testing. After that, it will
be repeated for a certain time so that the errors that
occur each time can be identified [32]. The testing
process in Figure 6 used is 10-fold cross-validation,
which is iterated ten times in each test scenario with
a combination of GridSearchCV.

2.11 Confusion Matrix

The confusion matrix is generally used to measure
the performance of an algorithm [33].

Fig.6: K-fold 10 cross validation.
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Accuracy =
TP + TN

TP + FP + FN + TN
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

F1-Score =
2×Recall × Precision
Recall + Precision

(8)

The classified data is evaluated to obtain a Confu-

sion matrix table consisting of variables such as True
Positive (TN), False Positive (FP), True Negative
(TN), and False Negative (FN) to calculate accuracy
in Equation (5), precision in Equation (6), recall in
Equation (7), and F1-score in Equation (8) [34].

3. RESULTS AND DISCUSSION

Multi-label classification is used for more complex
opinion-breaking processes. Therefore, this study
uses two categories for the Presidential and Gover-
nor Candidate datasets, namely sentiment labels and
candidate labels. The results of this study show the

Table 3: Accuracy and Precision of 2024 Presidential Candidates.
Precision Precision Precision

2024 Presidential Candidate Labels Accuracy (Anies (Prabowo (Ganjar
Baswedan) Subianto) Pranowo)

Naive Bayes 0.891 0.92 0.94 0.95
Naive Bayes + SMOTE 0.891 0.92 0.94 0.95

Naive Bayes + ADASYN 0.893 0.92 0.94 0.94
Naive Bayes + SMOTE (GridSearchCV) 0.898 0.92 0.94 0.94

Naive Bayes + ADASYN (GridSearchCV) 0.902 0.92 0.94 0.94
SVM 0.942 0.97 0.97 0.97

SVM +SMOTE 0.937 0.96 0.98 0.98
SVM + ADASYN 0.939 0.97 0.95 0.96

SVM +SMOTE (GridSearchCV) 0.911 0.95 0.95 0.96
SVM + ADASYN (GridSearchCV) 0.945 0.97 0.96 0.98

KNN 0.729 0.92 0.82 0.94
KNN+SMOTE 0.738 0.96 0.80 0.93

KNN+ADASYN 0.902 0.97 0.92 0.96
KNN+SMOTE (GridSearchCV) 0.738 0.96 0.80 0.93

KNN+ADASYN (GridSearchCV) 0.902 0.97 0.92 0.96

Table 4: Recall and F1-Score of 2024 Presidential Candidates.

2024 Presidential
Recall Recall Recall F1-Score F1-Score F1-Score
(Anies (Prabowo (Ganjar (Anies (Prabowo (Ganjar

Candidate Labels
Baswedan) Subianto) Pranowo) Baswedan) Subianto) Pranowo)

Naive Bayes 0.94 0.86 0.91 0.93 0.90 0.93
Naive Bayes + SMOTE 0.94 0.86 0.91 0.93 0.90 0.93

Naive Bayes + ADASYN 0.95 0.86 0.92 0.93 0.90 0.93
Naive Bayes + SMOTE

0.95 0.88 0.93 0.93 0.91 0.93
(GridSearchCV)

Naive Bayes + ADASYN
0.95 0.88 0.93 0.94 0.91 0.94

(GridSearchCV)
SVM 0.96 0.94 0.95 0.97 0.95 0.96

SVM +SMOTE 0.97 0.92 0.93 0.97 0.95 0.96
SVM + ADASYN 0.97 0.95 0.95 0.97 0.95 0.96
SVM +SMOTE

0.96 0.90 0.92 0.95 0.93 0.94
(GridSearchCV)

SVM + ADASYN
0.97 0.95 0.95 0.97 0.95 0.96

(GridSearchCV)
KNN 0.68 0.83 0.68 0.78 0.82 0.79

KNN+SMOTE 0.60 0.88 0.74 0.74 0.84 0.83
KNN+ADASYN 0.89 0.93 0.89 0.93 0.92 0.92
KNN+SMOTE

0.60 0.88 0.74 0.74 0.84 0.83
(GridSearchCV)
KNN+ADASYN

0.89 0.93 0.89 0.93 0.92 0.92
(GridSearchCV)
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k-fold evaluation process and comparison between the
three NB, SVM, and KNN algorithms, with the re-
sults of two categories of sentiment and candidate la-
bels using GridSearchCV or without GridSearchCV.
Then the final result of the highest accuracy from
the comparison of the three algorithms using Grid-
SearchCV.

3.1 Method Performance

This study aims to measure the effectiveness of
three main classification algorithms, Naive Bayes,
SVM, and KNN, in predicting candidate choices and
public sentiment towards presidential and gubernato-
rial candidates for DKI Jakarta in the 2024 Election.
The presidential election dataset was obtained from
Azno et al. [5] where the dataset was examined using
several comparative methods, such as SVM - Linear,
SVM - Polynomial, SVM - RBF, SVM - Sigmoid and
Näıve Bayes. Experiments were conducted with data
split ratios of 70:30, 80:20, and 90:10. The best re-

sults were obtained with the SVM - RBF method with
accuracy values of 86, 85, and 87, for each split ratio.
The gubernatorial election dataset, meanwhile, was
the result of crawling Twitter for this study.

In this research, testing was carried out using the
SMOTE and ADASYN data weighting techniques,
and a comparison was made between model perfor-
mance before and after hyperparameter tuning using
GridSearchCV in Tables 4-7 for the presidential can-
didate dataset and Tables 8-11 for the gubernatorial
candidate dataset. In Tables 3 and 4 for presiden-
tial candidate classification, the Naive Bayes algo-
rithm without oversampling showed good initial re-
sults with an accuracy of 0.891, high precision Anies
0.92, Prabowo 0.94, Ganjar 0.95 and a stable F1-score
average 0.92. However, recall for Prabowo was still
low 0.86, indicating an imbalance in class detection.
After fine-tuning with GridSearchCV, specifically the
NB + ADASYN combination, accuracy increased to
0.902. This increase was also followed by improve-
ments in recall for Prabowo 0.88 and Ganjar 0.93, as

Table 5: Accuracy and Precision of 2024 Presidential Sentiment.

2024 Presidential Sentiment Labels Accuracy
Precision Precision
(Positive) (Negative)

Naive Bayes 0.866 0.87 0.84
Naive Bayes + SMOTE 0.901 0.95 0.79

Naive Bayes + ADASYN 0.880 0.92 0.77
Naive Bayes + SMOTE (GridSearchCV) 0.918 0.96 0.83

Naive Bayes + ADASYN (GridSearchCV) 0.897 0.93 0.81
SVM 0.973 0.98 0.95

SVM + SMOTE 0.968 0.97 0.96
SVM + ADASYN 0.968 0.98 0.93

SVM +SMOTE (GridSearchCV) 0.986 0.99 0.98
SVM + ADASYN (GridSearchCV) 0.987 1.00 0.97

KNN 0.641 0.96 0.43
KNN+SMOTE 0.622 0.99 0.42

KNN+ADASYN 0.608 1.00 0.41
KNN+SMOTE (GridSearchCV) 0.622 0.99 0.42

KNN+ADASYN (GridSearchCV) 0.608 1.00 0.41

Table 6: Recall and F1-Score of 2024 Presidential Sentiment.

2024 Presidential Sentiment Labels
Recall Recall F1-Score F1-Score

(Positive) (Negative) (Positive) (Negative)
Naive Bayes 0.96 0.62 0.91 0.72

Naive Bayes + SMOTE 0.91 0.88 0.93 0.83
Naive Bayes + ADASYN 0.91 0.80 0.92 0.78

Naive Bayes + SMOTE (GridSearchCV) 0.93 0.89 0.94 0.86
Naive Bayes + ADASYN (GridSearchCV) 0.93 0.81 0.93 0.81

SVM 0.98 0.95 0.98 0.95
SVM + SMOTE 0.99 0.92 0.98 0.94

SVM + ADASYN 0.97 0.96 0.98 0.94
SVM +SMOTE (GridSearchCV) 0.99 0.97 0.99 0.98

SVM + ADASYN (GridSearchCV) 0.99 0.99 0.99 0.98
KNN 0.53 0.94 0.68 0.59

KNN+SMOTE 0.49 0.98 0.65 0.59
KNN+ADASYN 0.46 0.99 0.63 0.58

KNN+SMOTE (GridSearchCV) 0.49 0.98 0.65 0.59
KNN+ADASYN (GridSearchCV) 0.46 0.99 0.63 0.58
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well as an increase in the overall F1-score. This indi-
cates that the NB + ADASYN + GridSearchCV com-
bination provided the best results, making the model
more balanced in recognizing all candidates. On the
other hand, the SVM algorithm without oversampling
already performed well, with an accuracy of 0.942
and precision and recall values for all three candi-
dates above 0.94, indicating that the default SVM pa-
rameters were highly optimal. After tuning, the best
combination of SVM + ADASYN + GridSearchCV
produced an accuracy of 0.945, a slight improvement,
indicating that SVM is quite reliable even without
tuning. In contrast, the KNN algorithm without over-
sampling performed poorly, with an accuracy of only
0.729, recalls for Anies and Ganjar of 0.68 each, and
an F1-score below 0.80. This indicates that KNN
relies heavily on data balancing techniques. When

using SMOTE, accuracy increased slightly to 0.738,
but remained low. The KNN + ADASYN combina-
tion actually provided a significant jump, reaching an
accuracy of 0.902, and this result remained stable af-
ter GridSearchCV. These findings confirm that data
distribution imbalance is crucial to the effectiveness
of KNN.

In the presidential candidate sentiment classifica-
tion shown in Tables 5 and 6, Naive Bayes with-
out oversampling demonstrated an accuracy of 0.866,
with a negative recall of only 0.62 and a negative F1-
score of 0.72, indicating weakness in recognizing neg-
ative sentiment. With GridSearchCV + SMOTE, the
accuracy increased to 0.918, and the negative recall
improved to 0.89, making the model more balanced.
Meanwhile, SVM without oversampling already pro-
duced excellent results with an accuracy of 0.973, and

Table 7: Accuracy and precision of 2024 Gubernatorial Candidates.

Jakarta Gubernatorial Candidate Labels 2024 Accuracy
Precision Precision Precision
(Pramono (Ridwan (Dharma
Anung) Kamil) Pongrekun)

Naive Bayes 0.931 0.93 0.92 0.99
Naive Bayes + SMOTE 0.931 0.93 0.92 0.99

Naive Bayes + ADASYN 0.939 0.97 0.90 0.99
Naive Bayes + SMOTE (GridSearchCV) 0.938 0.94 0.93 0.99

Naive Bayes + ADASYN (GridSearchCV) 0.945 0.98 0.91 0.99
SVM 0.974 0.98 0.96 1.00

SVM + SMOTE 0.970 0.97 0.95 1.00
SVM + ADASYN 0.969 0.98 0.94 0.99

SVM +SMOTE (GridSearchCV) 0.970 0.97 0.96 1.00
SVM + ADASYN (GridSearchCV) 0.969 0.98 0.94 0.99

KNN 0.909 0.96 0.82 0.99
KNN+SMOTE 0.906 0.96 0.81 0.99

KNN+ADASYN 0.971 0.97 0.95 0.99
KNN+SMOTE (GridSearchCV) 0.906 0.96 0.81 0.99

KNN+ADASYN (GridSearchCV) 0.971 0.97 0.95 0.99

Table 8: Recall and F1-Score of 2024 Gubernatorial Candidates.

Jakarta Gubernatorial Candidate
Recall Recall Recall F1-Score F1-Score F1-Score

(Pramono (Ridwan (Dharma (Pramono (Ridwan (Dharma
Labels 2024

Anung) Kamil) Pongrekun) Anung) Kamil) Pongrekun)
Naive Bayes 0.96 0.97 0.99 0.94 0.94 0.99

Naive Bayes + SMOTE 0.96 0.97 0.99 0.94 0.94 0.99
Naive Bayes + ADASYN 0.91 0.97 0.99 0.94 0.94 0.99
Naive Bayes + SMOTE

0.96 0.98 1.00 0.95 0.95 0.99
(GridSearchCV)

Naive Bayes + ADASYN
0.92 0.98 0.99 0.95 0.94 0.99

(GridSearchCV)
SVM 0.96 0.97 1.00 0.97 0.97 1.00

SVM + SMOTE 0.96 0.98 1.00 0.96 0.97 1.00
SVM + ADASYN 0.94 0.98 1.00 0.96 0.96 1.00
SVM + SMOTE

0.96 0.98 1.00 0.97 0.97 1.00
(GridSearchCV)

SVM + ADASYN (GridSearchCV) 0.94 0.98 1.00 0.96 0.96 1.00
heightKNN 0.80 0.96 0.96 0.88 0.88 0.98

KNN+SMOTE 0.80 0.96 0.96 0.87 0.88 0.98
KNN+ADASYN 0.95 0.97 1.00 0.96 0.96 0.99

KNN+SMOTE (GridSearchCV) 0.80 0.96 0.96 0.87 0.88 0.98
KNN+ADASYN (GridSearchCV) 0.95 0.97 1.00 0.96 0.96 0.99
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all precision, recall, and F1-score metrics for posi-
tive and negative labels approached or reached 0.98-
0.99. Parameter tuning only improved the accuracy
to 0.987, indicating that the model was optimal from
the start. In contrast, KNN without oversampling
performed very poorly, with an accuracy of 0.641, a
positive recall of 0.53, and a negative F1-score of only
0.59. Balancing techniques like ADASYN failed to
significantly improve performance its accuracy even
dropped to 0.608, and GridSearchCV had no signifi-
cant impact, especially in negative sentiment classifi-
cation. This demonstrates the limitations of KNN in
handling imbalanced data distributions.

In the classification of Jakarta gubernatorial can-
didates Tables 7 and 8, Naive Bayes without oversam-
pling demonstrated excellent initial performance with
an accuracy of 0.931, precision and recall for all candi-
dates above 0.92, and an average F1-score above 0.94.
Tuning with ADASYN + GridSearchCV increased
accuracy to 0.945, indicating a small but significant
improvement, particularly in recall for candidates

Ridwan Kamil and Pramono Anung. SVM without
oversampling again performed superiorly with an ac-
curacy of 0.974, recall for Dharma Pongrekun reach-
ing 1.00, and F1-scores nearing perfection for all can-
didates. After fine-tuning, accuracy remained high
without significant changes, indicating that SVM is
highly effective and consistent for multi-label classifi-
cation with relatively balanced data distribution. In
contrast, KNN without oversampling provided an ac-
curacy of 0.909, lower than SVM and Naive Bayes,
and Pramono’s recall was only 0.80. Using ADASYN
increased accuracy to 0.971, indicating that data bal-
ancing plays a significant role in KNN effectiveness.
However, when using SMOTE, KNN’s accuracy re-
mained low 0.906, indicating the model’s sensitivity
to the oversampling technique used.

In the sentiment classification for gubernatorial
candidates, Tables 9 and 10 show an accuracy of
0.914 without oversampling, with balanced recall and
F1-score for both labels 0.91-0.92, making it a fairly
stable model from the start. After GridSearchCV +

Table 9: Accuracy and Precision of 2024 Gubernatorial Sentiment.

Jakarta Gubernatorial Candidate Labels 2024 Accuracy
Precision Precision
(Positive) (Negative)

Naive Bayes 0.914 0.93 0.90
Naive Bayes + SMOTE 0.891 0.94 0.84

Naive Bayes + ADASYN 0.885 0.95 0.82
Naive Bayes + SMOTE (GridSearchCV) 0.905 0.95 0.86

Naive Bayes + ADASYN (GridSearchCV) 0.900 0.96 0.84
SVM 0.985 0.98 0.99

SVM + SMOTE 0.982 0.98 0.99
SVM + ADASYN 0.983 0.99 0.98

SVM +SMOTE (GridSearchCV) 0.992 0.99 1.00
SVM + ADASYN (GridSearchCV) 0.992 0.99 0.99

KNN 0.943 0.98 0.91
KNN+SMOTE 0.930 0.98 0.88

KNN+ADASYN 0.918 0.99 0.85
KNN+SMOTE (GridSearchCV) 0.930 0.98 0.88

KNN+ADASYN (GridSearchCV) 0.918 0.99 0.85

Table 10: Recall and F1-Score of 2024 Gubernatorial Sentiment.

Jakarta Gubernatorial Candidate Labels 2024
Recall Recall F1- Score F1-Score

(Positive) (Negative) (Positive) (Negative)
Naive Bayes 0.92 0.91 0.92 0.91

Naive Bayes + SMOTE 0.86 0.94 0.90 0.89
Naive Bayes + ADASYN 0.83 0.95 0.89 0.88

Naive Bayes + SMOTE (GridSearchCV) 0.87 0.95 0.91 0.90
Naive Bayes + ADASYN (GridSearchCV) 0.85 0.96 0.90 0.90

SVM 0.99 0.98 0.99 0.98
SVM + SMOTE 0.99 0.98 0.98 0.98

SVM + ADASYN 0.98 0.98 0.98 0.98
SVM +SMOTE (GridSearchCV) 1.00 0.99 0.99 0.99

SVM + ADASYN (GridSearchCV) 1.00 0.99 0.99 0.99
KNN 0.92 0.97 0.95 0.94

KNN+SMOTE 0.89 0.98 0.93 0.93
KNN+ADASYN 0.86 0.99 0.92 0.92

KNN+SMOTE (GridSearchCV) 0.89 0.98 0.93 0.93
KNN+ADASYN (GridSearchCV) 0.86 0.99 0.92 0.92
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ADASYN, the accuracy decreased slightly to 0.900-
0.905, but the recall for negative sentiment increased
from 0.91 to 0.96, indicating the model became more
sensitive to the minority class. SVM without over-
sampling performed best with an accuracy of 0.985,
with very high recall and F1-score for both posi-
tive and negative sentiment. After tuning, the ac-
curacy reached 0.992, and the recall for positive sen-
timent reached 1.00, indicating that parameter tun-
ing optimally improved the model’s sensitivity and
specificity. Meanwhile, KNN without oversampling
showed quite high performance with an accuracy of
0.943, a positive recall of 0.92, and a negative recall
of 0.97, making it quite competitive. However, af-
ter using ADASYN, the accuracy actually decreased
to 0.918, and the results remained stable after tun-

ing. This shows that while KNN can achieve good
results on balanced data, it still has limitations in
handling complex sentiment classification, especially
if the data balancing is not done properly.

From all the analysis results, it can be concluded
that SVM is the most superior algorithm in all types
of classification, both candidates and sentiment. This
model provides high and stable accuracy and F1-
score, even before parameter tuning. Later, Naive
Bayes is a powerful and efficient alternative, with per-
formance that consistently increases after the appli-
cation of GridSearchCV, especially in handling un-
balanced data distributions. Furthermore, KNN is
only suitable for local classification, such as in the
Jakarta gubernatorial election, and is only effective
when combined with balancing techniques such as

Fig.7: Naive Bayes Comparison of Presidential and Gubernatorial Candidates.

Fig.8: SVM Comparison of Presidential and Gubernatorial Candidates.

Fig.9: KNN Comparison of Presidential and Gubernatorial Candidates.
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ADASYN. For data classification with high complex-
ity, KNN is less recommended because its perfor-
mance is unstable and tends to be lower than other
algorithms.

3.2 Comparison NB, SVM and KNN

The following is an explanation of the results of
the comparative accuracy of the Naive Bayes, SVM,
and KNN methods based on Figures 7 to 8. This
analysis includes a comparison of performance before
and after using GridSearchCV on sentiment and can-
didate labels, both for the presidential and guberna-
torial elections of DKI Jakarta.

In Figure 7, it can be seen that the Naive Bayes
model experienced a significant increase in accuracy
after parameter tuning using GridSearchCV. For can-
didate label classification, the initial accuracy was
in the range of 0.891-0.894, and increased to 0.901,
especially when using the ADASYN method as an
oversampling technique. A similar increase also oc-
curred in sentiment classification, where the accuracy
increased from 0.880-0.901 to 0.898-0.918 after tun-
ing. This shows that Naive Bayes is quite sensitive
to parameters and gets a significant performance in-
crease through the tuning process. In addition, the
use of ADASYN is proven to provide more consistent
and balanced results compared to SMOTE, both for
candidate and sentiment data.

Meanwhile, Figure 8 shows that SVM is the al-
gorithm with the best and most stable performance
among the three models. In candidate label classifica-
tion, SVM shows high accuracy from the beginning,
around 0.930-0.933, and only slightly increases after
tuning. However, a more significant increase is seen in
sentiment classification, where the accuracy increases
from 0.968 to 0.992 after parameter tuning with a
combination of SVM + SMOTE + GridSearchCV.
This indicates that even though SVM is very optimal
with default parameters, the GridSearchCV process is
still able to improve performance, especially on more
complex data such as sentiment analysis.

In contrast to the two algorithms, Figure 9 shows
that KNN is the most unstable algorithm and is
highly dependent on the oversampling method used.
The combination of KNN + SMOTE produces low ac-
curacy, ranging from 0.622 to 0.741, both before and
after GridSearchCV. This indicates that SMOTE is
less effective when combined with KNN on this data.
In contrast, the combination of KNN + ADASYN
produces much better and more stable results, with
accuracies reaching 0.903 to 0.971 for candidate clas-
sification, and 0.917 to 0.930 for sentiment classifi-
cation. However, GridSearchCV does not provide a
significant improvement to KNN performance, indi-
cating that KNN performance is more determined by
the data balancing strategy than by parameter tun-
ing.

Overall, the visualizations in Figures 7 to 9 con-

firm previous findings that SVM is the most supe-
rior algorithm, providing the best and most consistent
performance in all types of classification, both before
and after parameter tuning. Later, Naive Bayes im-
proves significantly after tuning and works particu-
larly well when combined with ADASYN. Further-
more, KNN shows the most unstable performance
and is highly dependent on the oversampling method.
GridSearchCV does not contribute much to improv-
ing the performance of KNN, so the effectiveness of
this model is more determined by the selection of the
right data balancing technique.

4. CONCLUSIONS

Overall, SVM shows the best and most stable
results across all classification and sentiment con-
texts, both before and after tuning. Naive Bayes
provides fairly competitive results, especially after
tuning and when used with oversampling methods
such as ADASYN. In contrast, KNN relies heavily on
data balancing techniques and shows unstable per-
formance, especially when used with SMOTE. The
application of GridSearchCV generally has a positive
impact, especially for Naive Bayes and in some cases
for SVM, while the effect is relatively small or in-
significant for KNN.

ACKNOWLEDGEMENT

This research was supported by Universitas Ah-
mad Dahlan.

AUTHOR CONTRIBUTIONS

Conceptualization, H.Y., R.A. and A.Y.; Method-
ology, H.Y., R.A. and A.Y.; Software, R.A.; Valida-
tion, H.Y. and R.A.; Formal analysis, H.Y. and R.A.;
Investigation, H.Y., R.A. and A.Y.; Resources, R.A.
and A.Y.; Data Curation, H.Y., R.A. and A.Y.; Writ-
ing - Original Draft, H.Y. and R.A.; Writing - Review
& Editing, H.Y., R.A. and A.Y.; Visualization, R.A.;
Supervision, H.Y. and A.Y.; Project administration,
H.Y.; Funding acquisition, H.Y.

References

[1] K. Munawaroh and Alamsyah, “Performance
Comparison of SVM , Näıve Bayes , and KNN
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