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Abstract

This study targets improved sentiment classification by combining the strengths of multiple SVM kernels within an ensemble
framework. We introduce SVM Porlis, which fuses Linear, RBF, Polynomial, and Sigmoid kernels using both hard and soft
voting to boost performance on skewed data. The task is binary sentiment recognition (positive vs. negative). A corpus of 2,248
tweets concerning the debate over the naturalization of Indonesia’s national football players was gathered via the official
X/Twitter API, with a marked dominance of negative tweets. The preprocessing pipeline encompassed cleaning, labeling,
tokenization, stopword removal, stemming, and TF-1DF feature extraction. To counter the imbalance, SMOTE was applied to
synthesize additional minority-class samples. Each kernel was first trained and assessed independently, then aggregated into
the SVM Porlis ensemble. Evaluation used accuracy, precision, recall, F1-score, and confusion-matrix analysis. The soft-
voting SVM Porlis model achieved the best results—98% for accuracy, precision, recall, and F1—outperforming single-kernel
baselines and other ensembles such as SVM + Chi-Square and SVM + PSO. These outcomes indicate that integrating diverse
kernels effectively captures both linear and nonlinear patterns, yielding a robust and adaptive approach for sentiment analysis
on real-world, imbalanced datasets.
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1. Introduction

Support Vector Machine (SVM) is a widely adopted
Machine Learning technique noted for its robust
performance in classification as well as regression [1].
Renowned for its accuracy, SVM excels by maximizing
the margin, enabling it to perform well even with
limited data [2]. Additionally, SVM is versatile,
utilizing different types of kernels such as linear,
polynomial, and radial basis function (RBF), which
allows it to handle both linear and non-linear data by
mapping it into higher-dimensional spaces [3].

However, SVM has notable weaknesses worth
addressing. Firstly, it may face computational
complexity challenges with large datasets, as its time
complexity heavily depends on the size of the data [4].

The training process can be especially time-consuming
when there is a large number of samples and features
[5]. Secondly, SVM struggles to perform effectively on
noisy datasets or when classes overlap, as it is sensitive
to outliers that may distort the hyperplane margin [6].
Another limitation is the dependency on selecting the
correct kernel; choosing an inappropriate kernel can
significantly decrease model accuracy. Furthermore,
tuning kernel parameters often requires expertise and
extensive experimentation [7].

Several prior studies have proposed improvements to
the Support Vector Machine (SVM) algorithm for
sentiment analysis. One study enhanced SVM
performance by implementing chi-square,
hyperparameter GridSearch, and Bagging, achieving an
accuracy of 93.40% [8]. Another introduced GBSVM,
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a hybrid of SVM and Gradient Boosting, which reached
a predictive accuracy of 93% [9]. The combination of
chi-square and SVM also showed promising results,
achieving an accuracy of 95.56% [10]. Other ensemble
methods combining SVM with different algorithms
have demonstrated strong performance, with accuracy
reaching 96.53% [11]. Studies involving Indonesian-
language datasets also vary in performance. For
instance, a study using Random Forest with Uncertainty
Sampling on Indonesian Twitter data achieved 81%
accuracy [12], while another used Naive Bayes to
analyze Instagram comments about Anies Baswedan
and achieved 85%, though it suffered from overfitting
issues [13]. Further, a study incorporating SMOTE
improved the performance of algorithms like Logistic
Regression, SVM, and Naive Bayes, reaching up to
89% accuracy [14].

While these studies highlight the effectiveness of
ensemble techniques, chi-square, and hyperparameter
optimization in enhancing SVM, a critical gap remains:
few have explored or reported the specific impact of
different SVM kernel functions on sentiment
classification. Yet, kernel selection is a vital component
in SVM modeling, especially for sentiment analysis
tasks that involve non-linear, noisy, and imbalanced
data with complex subjective expressions. This study
addresses this gap by systematically evaluating four
core SVM kernels—RBF, Linear, Polynomial, and
Sigmoid—using Indonesian-language tweets collected
via the X (Twitter) API.

SVM offers several kernel options such as Linear,
Polynomial, RBF, Gaussian, Gaussian-Diagonal,
Laplace_rbf, Anova_rbf, and Sigmoid [15]. In this
study, only four kernels (RBF, Linear, Polynomial, and
Sigmoid) were selected for comparison and integration
to improve performance on unstructured data. The RBF
(Radial Basis Function) kernel is particularly effective
in handling non-linear decision boundaries, which are
common in sentiment data, and provides a strong
structure for generalization [16]. Its gamma parameter
controls the sensitivity to the distance between data
points, helping capture subtle emotional nuances [17].
Previous studies have shown that this kernel achieves
high accuracy in sentiment analysis, reaching 87.25%
[18]. It is also highly effective for structured data and
has demonstrated strong performance in prior research
with an accuracy of 93.55% [19]. The Polynomial
kernel handles complex relationships well, especially
when sentiment expressions involve interactions among
multiple features. Its degree parameter allows control
over model complexity [20], , and it has shown good
performance in sentiment analysis with an accuracy of
84% [21]. The Sigmoid kernel, which resembles neural
network activation functions, is suitable for modeling
moderate non-linear patterns. Although not as widely
used as other kernels, it remains effective for datasets
with intermediate complexity [22]. In sentiment
analysis, it has shown exceptional performance,
achieving an accuracy of up to 96.26% [23].

To further improve classification accuracy and
robustness, this research proposes an ensemble model
named SVM Porlis, which integrates the four kernels
using both hard and soft voting techniques. This
approach is designed to maximize the unique
capabilities of each kernel: Linear for linear
discrimination [24], RBF for capturing highly non-
linear structures [25], Polynomial for multi-way non-
linear feature interactions [26], and Sigmoid for added
flexibility and adaptability [27]. The combination of
these kernels enables the model to generalize across
diverse, imbalanced, and noisy sentiment datasets—
common characteristics in social media texts. In this
ensemble, voting mechanisms play a crucial role in
mitigating the limitations of individual kernels. When
one or more hase classifiers exhibit relatively lower
accuracy on certain instances, the final prediction is not
determined solely by that weak performer. Instead, hard
voting considers the majority prediction from all
kernels, while soft voting aggregates the predicted
probabilities and selects the class with the highest
combined confidence. This ensures that even if a single
kernel underperforms in specific scenarios, the
ensemble decision still benefits from the strengths of
the more accurate kernels, resulting in improved overall
performance and stability.

In the sentiment classification process, the study
utilized tweet data obtained through the official API of
the X/Twitter platform, totaling 2,248 entries related to
the issue of naturalization of Indonesian national
football players. The data was categorized into two
sentiment classes: positive and negative. However, the
class distribution in the dataset was imbalanced, with
the number of tweets expressing negative sentiment
significantly higher than those with positive sentiment.
To address this issue, the Synthetic Minority Over-
sampling Technique (SMOTE) was applied to
strengthen the representation of the minority class,
allowing the model to generalize more effectively
across both classes. The preprocessing stage included
cleaning irrelevant characters or symbols, labeling the
data, tokenizing to split sentences into individual words,
removing stopwords, and performing stemming to
return words to their root form. The processed data was
then represented using the Term Frequency—Inverse
Document Frequency (TF-IDF) method, which
transforms textual data into high-dimensional
numerical features that can be processed by the model.
For model construction, four kernels from the Support
Vector Machine (SVM) algorithm—Linear, RBF,
Polynomial, and Sigmoid—were employed and
combined into an ensemble model named SVM Porlis,
utilizing both soft voting and hard voting techniques to
enhance classification performance.

This study is expected to leverage the strengths of each
kernel within the SVM algorithm to develop a model
that excels in terms of accuracy, precision, recall, and
F1-score. The proposed model, named SVM Porlis, is
designed to demonstrate strong generalization
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capabilities and high reliability when applied to real-
world sentiment analysis scenarios, particularly in
processing complex and unstructured Indonesian-
language social media data. This approach is
anticipated to make a meaningful contribution as a
practical and adaptive solution in the development of
SVM-based sentiment classification models. The
research specifically focuses on binary classification,
distinguishing between two main sentiment classes—
positive and negative—which are commonly used in
public opinion analysis on social media platforms.
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2. Methods

In this study, the effectiveness of the SVM algorithm
with four of its kernels, namely, Linear, RBF,
Polynomial and Sigmoid has been confirmed. The
kernels are therefore combined into a model called
SVM Porlis which is basically designed to take up all
the advantages of all the kernels. The constructed model
is considered to be as per the design depicted in Figure
1.
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Figure 1. Research Methodology

2.1 Dataset and Preprocessing

Data preprocessing is a foundational step in sentiment
analysis because it converts raw, noisy text into well-
structured inputs that machine-learning models can
effectively consume [28]. In this study, tweets were
gathered in November 2024 via the official X/Twitter
API using an open-source harvester available on
GitHub (https://github.com/fikrimIn16/data-crawling-
x-tweetharvest) [29]. The collection window was
aligned to the period immediately before and after the
Indonesia vs. Japan match in the 2026 FIFA World Cup
Qualifiers. A total of 2,248 tweets written in Bahasa
Indonesia were gathered, capturing public discourse
around the issue of naturalization of Indonesian national
football team players. These tweets represent genuine
user opinions and commonly contain noise such as
informal expressions, abbreviations, slang, emojis,
hashtags, and symbols—typical characteristics of social
media text.

The corpus was labeled into two sentiment classes—
positive and negative—but the distribution was highly
skewed, with negative tweets greatly outnumbering
positives (see Figure 2). To mitigate this imbalance, we
applied the Synthetic Minority Oversampling
Technique (SMOTE) to generate synthetic examples
for the minority (positive) class, producing a more
balanced training set and improving generalization
across both classes.

The preprocessing pipeline involved several steps.
First, cleaning was performed to remove irrelevant
content such as punctuation marks, digits, hyperlinks,
HTML tags, and emojis to produce cleaner input
suitable for feature extraction [30]. The next step was
labeling, in which tweets were manually annotated into

binary sentiment labels—positive and negative—
forming the ground truth required for supervised
learning [31]. Following labeling, the text was
tokenized, breaking it down into smaller units (tokens),
typically words or phrases, which simplifies the
modeling process [32].

To further refine the input, stopword removal was
carried out by eliminating common yet semantically
weak words in Bahasa Indonesia, such as “dan,”
“yang,” and “di,” which occur frequently but contribute
little to sentiment differentiation [33]. This was
followed by stemming using the Sastrawi stemmer, an
NLP library for Bahasa Indonesia, which reduces each
word to its root form—for example, “bermain” is
reduced to  “main”—to reduce  vocabulary
dimensionality while preserving meaning [34].

To further illustrate the impact of the preprocessing
pipeline, Table 1 presents several examples of tweet
text before and after preprocessing. These samples
demonstrate how noisy, informal, and unstructured
social media content is transformed into clean,
tokenized, and semantically meaningful input suitable
for machine learning models.

Table 1. Classification Report using SVM Porlis Soft Voting

Original Tweet

@TimnasGaruda bermain sangat
buruk @! #INDvsIPN

Wah, pemain naturalisasi cuma
jalan doang di lapangan, ngapain

After Preprocessing
timnas garuda main buruk

pemain naturalisasi jalan
lapangan ngapain ambil

diambil???
Keren banget! Pemain baru kita keren pemain baru cetak
cetak gol!! & gol

Fix deh, naturalisasi hanya buat
gagalin pemain lokal @

Salut buat perjuangan timnas
meskipun kalah. Tetap semangat!

naturalisasi gagal pemain
lokal

salut perjuangan
kalah semangat

timnas
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These examples demonstrate the conversion of raw
tweets into standardized input by removing hashtags,
emojis, punctuation, and stopwords, and by reducing
each word to its root form using stemming. Such
transformations improve the quality of features passed
to the classifier, which in turn contributes to the
robustness and accuracy of the sentiment analysis
model.

After normalization, each review was represented using
the Term Frequency-Inverse Document Frequency
(TF-IDF) scheme, which converts text into high-
dimensional sparse numeric vectors. TF-IDF assigns
larger weights to terms that are frequent within a
document yet infrequent across the corpus, thereby
highlighting tokens most informative for sentiment
classification [35]. The formulations of term frequency,
inverse document frequency, and their product (TF-
IDF) used in this study are provided in Equations 1-3.

Term Frequency (TF):

Number of times the word appears in the document
TF = . 1)
Total words in the document

Inverse Document Frequency (IDF):

Total number of document

IDF = number of document containing the word @)
TF-1DF Score:

TF — IDF = TF x IDF (3)
These TF-IDF features serve as input to the

classification model. Each unique word becomes a
feature column in the resulting matrix, with its TF-IDF
weight populating the corresponding cell. Terms with
higher weights are prioritized by the model, while
common terms such as conjunctions and prepositions
are down-weighted, improving the classifier’s focus on
sentiment-bearing words.

The complete preprocessing pipeline—spanning from
data collection to TF-IDF vectorization—forms a
foundational element in this research, ensuring that the
SVM Porlis ensemble classifier receives clean,
balanced, and discriminative input to optimize its
sentiment classification performance.

2.2 SMOTE

This research addresses the problem of class imbalance
in the sentiment dataset, which can cause machine
learning models to be biased toward the majority class.
Figure 2 presents the initial distribution of sentiment
labels prior to balancing. It clearly illustrates that the
majority class (label 0) significantly outnumbers the
minority class (label 1), a condition that may lead to
poor performance in detecting underrepresented but
often critical sentiment patterns such as negative
opinions.

To address the class-imbalance problem, we employed
the Synthetic Minority Oversampling Technique
(SMOTE). This method synthesizes additional

minority-class examples by creating points along the
line segments that connect a sample to its nearest
minority neighbors, thereby expanding the minority
class and mitigating imbalance [30]. After SMOTE is
applied, the label distribution becomes balanced as
shown in Figure 3 with both classes containing an equal
number of instances.
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Figure 2. Data Before Class Balancing

However, applying SMOTE requires careful
consideration, especially regarding its timing in the
preprocessing pipeline [36]. If SMOTE is applied
before splitting the dataset into training and testing sets,
there is a risk of overfitting due to synthetic samples
leaking into both subsets. This contamination can lead
to overly optimistic performance estimates, as the
model may encounter nearly identical synthetic samples
during both training and testing [37]. To mitigate this
risk, in this study, SMOTE was strictly applied only to
the training set after data splitting, ensuring that the test
set remained purely representative of real-world data.

20001

1750

1500

1250 A

Count

1000

750

500 1

2501

0-

0.0 0.‘2 0.‘4 0.‘6 O:B 1.0
Figure 3. Data After Class Balancing Process

Besides balancing, this study also implemented
strategies to prevent overfitting and ensure that the
model generalizes well to unseen data. The dataset was
divided into training and testing sets using a stratified
split, preserving the proportion of classes across both
subsets to avoid skewed learning. Regularization
parameters (C, gamma) were fine-tuned to control the
complexity of individual SVM models and prevent
them from memorizing training data. Moreover, the use
of an ensemble approach—through hard and soft voting
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in the SVM Porlis model—reduces the risk of
overfitting by aggregating predictions from diverse
kernels. This ensemble mechanism stabilizes the
model’s decision boundary and helps it perform reliably
across varying sentiment patterns.

In summary, class balancing through SMOTE and the
use of ensemble voting, combined with proper data
splitting and regularization, collectively contribute to
the robustness and generalizability of the sentiment
classification model [38].

2.3. Modeling with SVM

This work trains SVM models with four kernel
functions. The linear kernel is appropriate when the
classes are linearly (or nearly linearly) separable. It
computes similarity as the inner product of two feature
vectors [39] using Equation 4.

K(x1, %) = x;. % (4)

Linear models are often adequate for straightforward
sentiment tasks where feature relationships are close to
linear. The most influential hyperparameter is C, which
controls regularization: larger C reduces bias but can
raise variance.

Radial Basis Function (RBF) kernel. The RBF kernel is
effective for capturing non-linear structure that
frequently appears in sentiment data. It measures
similarity with a Gaussian function [40], see (5).

K(x;,x;) = exp (—yl|x; — x;]|») %)

The y parameter sets the radius of influence of
individual training points (small y = Narrow). As with
the linear kernel, C regulates the balance between fit
and generalization.

Polynomial kernel. This kernel extends the linear case
by introducing polynomial interactions among input
features, enabling the model to represent higher-order
non-linear boundaries [41] as expressed in Equation (6).
Key hyperparameters include C, the degree of the
polynomial, and coefO; higher degrees allow more
complex decision surfaces but increase overfitting risk.

K(x;,x;) = (x.%; + ©)? (6)

Where ¢ is a constant term (also known as coef0) and d
is the degree of the polynomial. The degree controls the
flexibility of the decision boundary. In this study, we
tested various degrees and selected optimal values
during initial experimentation to balance complexity
and performance.

Finally, the Sigmoid kernel mimics the behavior of a
neural network activation function, making it useful in
modeling certain non-linear relationships [22] as shown
in Equation 7.

K(xi,xj) = tanh(a(xi.xj) +¢) (7

Here, a (alpha) is the scaling parameter and c is the bias
term. These hyperparameters affect the curvature of the
decision boundary. While less commonly used than

RBF, the Sigmoid kernel is included in this study to
evaluate its adaptability to moderately complex
sentiment patterns.

2.4 Modeling with SVM Porlis

Upon conclusion of the analysis and comprehension of
the data through distinct SVM kernels (Linear, RBF,
Polynomial, and Sigmoid), ensemble voting techniques
were applied to enhance prediction accuracy. This
approach combines the strengths of different kernel
perspectives. Voting was implemented in two ways:
hard voting and soft voting.

In hard voting, the final class label is determined by the
majority class predicted by all base models. The
decision rule is as shown in Equation 8.

Y = argmax(}i=; [(y; = ¢)) 8

I(y; = c) is the Indicator that is 1 if model i predicts
class c, 0 otherwise. n is the Number of models used in
voting.

In soft voting, each base model outputs a probability
distribution over classes. The final class is selected
based on the highest average probability:

Y = argmax (% Y. P (c)) )

P;(c) is the Prediction probability of class ¢ from model
i. n is the Number of models used.

In the implementation, soft voting was enabled by
setting probability=True in each SVM model to allow
probability outputs. This technique enhances model
flexibility by considering confidence levels from each
base classifier, thereby offering improved robustness
compared to hard voting, especially in borderline cases.

From Equations 8 and 9, the next is Pseudocodel. In
this process, the data that has been balanced with
SMOTE is trained using four SVM models with
different kernels (Linear, RBF, Polynomial, Sigmoid).
After that, the predictions from each model are
combined using two voting techniques, namely hard
voting and soft voting. In hard voting, the selected class
is the class that is most frequently predicted by all
models. In contrast, in soft voting, the prediction
probabilities from all models are combined, and the
class with the highest probability is selected as the final
result. This technique allows each kernel to contribute
to its strengths, thus improving the accuracy and
robustness of the model to various data patterns. The
end result is an ensemble model that is more robust and
flexible than using a single kernel.

To ensure transparency and reproducibility, the specific
kernel parameters used in each SVM model were
configured as: For the Linear kernel, the penalty
parameter C was set to 1.0; For the RBF kernel, C=1.0
and y =’scale’, which automatically adjusts gamma to
the number of features; For the polynomial kernel,
parameter were set to C = 1.0, degree = 3, and coef0 =1;
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For the Sigmoid kernel, C = 1.0 and coef0 = 0 were
used.

These settings were based on empirical tuning and
maintained consistently across all base models in the
ensemble.

Pseudocode 1. SVM Porlis
Import required Tibraries:

- Import "SvC  from sklearn.svm and
“votingClassifier from
sklearn.ensemble.

Preprocess the data:

- Balance the dataset using SMOTE.

- Split the dataset into training and
testing sets.

Train individual SvM models with different
kernels:

- Define and train SVM with Linear

kernel.

Define and train SvM with RBF kernel.
Define and train SvM with Polynomial
kernel.

Define and train SVM with Sigmoid
kernel.

Combine the models using voting:

- For hard voting:

a. Initialize "votingClassifier with
“voting="hard'"

b. Include all trained SvM models as
estimators.

- For soft voting:

a. Initialize 'votingClassifier with
“voting="soft' .
b. Ensure each SVvM model can output
probabilities ( probability=True’).
Train the voting Classifier:

- Fit the "votingClassifier  on the
training data.

Evaluate the ensemble model:

- Predict on the test set using the
voting Classifier.

- Calculate performance metrics
(accuracy, precision, recall,
score).

output the results:

- Print the evaluation metrics for both

hard and soft voting.
End.

F1-

2.5 Evaluation Model

Model performance was summarized with a confusion
matrix, which records four outcomes: true positives
(TP)—positive instances correctly identified as
positive; true negatives (TN)—negative instances
correctly identified as negative; false positives (FP)—
negative instances mistakenly labeled as positive; and
false negatives (FN)—positive instances incorrectly
labeled as negative.

In addition to the performance indicators, evaluation
metrics derived from the Confusion Matrix included in
Equations 10 through 13.

TP+TN

Accuracy = m (10)
Precision = —— (11)
TP+FP
Recall = —=~ (12)
TP+FN
F1 — Score = 2 X Precision x Recall (13)

Precision+Recall

The evaluation will compare the classification
performance of each individual kernel (Linear, RBF,
Polynomial, and Sigmoid) against the ensemble model
using both hard voting and soft voting mechanisms.
This comparison will help determine whether
combining multiple kernels provides significant
performance improvements over using a single kernel
alone.

3. Results and Discussions

This section presents the results obtained from the
implementation and evaluation of the proposed
sentiment analysis model using SVM Porlis with
ensemble soft voting. The discussion includes
performance comparisons between individual SVM
kernels and ensemble models, along with insights
gained from applying the SMOTE technique to address
class imbalance. Evaluation metrics such as accuracy,
precision, recall, F1-score, and the confusion matrix are
analyzed to determine the model’s effectiveness and
robustness. In addition, a comparative analysis with
previous studies is presented to highlight the
improvement achieved by the proposed approach.

3.1 Results

This research applied the Synthetic Minority Over-
sampling Technique (SMOTE) to overcome class
imbalance within the sentiment dataset. Class
imbalance where one sentiment class (positive or
negative) dominates the data can bias the model toward
the majority class and result in poor generalization for
minority sentiment. SMOTE addresses this by
generating synthetic data points for the minority class
through interpolation, resulting in a balanced dataset.
After applying SMOTE, the dataset was trained using
multiple SVM kernels: Linear, RBF, Polynomial, and
Sigmoid, followed by ensemble learning using both soft
and hard voting strategies.

Table 2. Classification Report using SVM Porlis Soft Voting

Class Precision  Recall F1-score Support
0 0.98 0.98 0.98 599

1 0.98 0.98 0.98 583
accuracy 0.98 1182
macro avg 0.98 0.98 0.98 1182
weightedavg ~ 0.98 0.98 0.98 1182

Table 2 presents the classification report for the SVM
Porlis Soft Voting model, which combines predictions
from all kernels through soft voting. Evaluation metrics
such as precision, recall, and F1-score achieved 0.98 for
both class 0 and class 1, indicating excellent
classification performance. Out of 1,182 total samples,
98% were correctly predicted by the model, resulting in
an overall accuracy of 0.98. Moreover, both macro and
weighted averages reached 0.98, confirming that the
model is not only accurate but also well-balanced across
classes.
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Figure 4. Confusion Matrix using SVM Porlis Soft Voting

The confusion matrix in Figure 4 offers a clear picture
of the classifier’s behavior. For class 0 (negative), 589
of 599 reviews were labeled correctly, with 10 false
positives. For class 1 (positive), 573 of 583 reviews
were correctly identified, with 10 false negatives. The
equal counts of FP and FN indicate no class preference,
while the very small error rates point to strong
sensitivity and specificity. Overall, the balanced
mistakes suggest the model generalizes well to unseen
data, limiting both Type | (false positive) and Type Il
(false negative) errors in sentiment prediction.

3.2 Discussions

To evaluate the comparative effectiveness of the
proposed approach, each individual SVM kernel was
tested and compared against the ensemble variants. The
results are presented in Table 3.

Table 3. Overall Testing Result

F1-Score
92%

Recall
93%

Precision
93%

Algorithm

SVM Kernel
RBF

SVM Kernel
Linear
SVM Kernel
Polynomial
SVM Kernel
Sigmoid
SVM Porlis
Soft Voting
SVM Porlis
Hard Voting

As shown in Table 3, the RBF, Linear, and Sigmoid
kernels demonstrate strong individual performance,
with accuracy ranging from 93% to 95%. In contrast,
the Polynomial kernel exhibits a significant
performance drop, with accuracy falling to just 51% and
an F1-score as low as 36%. This underperformance is
likely due to the Polynomial kernel's sensitivity to noise
and its tendency to overfit on complex, high-
dimensional data such as informal tweet text. Without
precise tuning of parameters—particularly the degree
and constant coefficient (coefO)—this kernel can

Accuracy
93%

95% 95% 95%  95%

51% 75% 51%  36%

95% 95% 95%  95%

98% 98% 98%  98%

96% 96% 96%  96%

construct overly complex decision boundaries that fail
to generalize across diverse language structures.

The proposed SVM Porlis Soft Voting model, however,
outperformed all individual and ensemble models,
achieving 98% across all performance metrics,
including accuracy, precision, recall, and F1-score. This
remarkable result is attributed to the soft voting
mechanism, which integrates decision boundaries from
four different kernels. Each kernel contributes its own
strengths: RBF effectively captures non-linear
sentiment patterns, Linear is well-suited for sparse text
data, Sigmoid adapts to moderate non-linearities, and
even the underperforming Polynomial kernel can
capture multi-dimensional relationships within specific
subsets of data.

Through soft voting, the model averages the probability
predictions from all base classifiers rather than relying
solely on majority class votes. This probabilistic
aggregation improves decision stability, especially for
tweets with ambiguous or borderline sentiment
expressions.

Furthermore, the model's high and consistent
performance across all metrics, along with its low
misclassification rate, suggests minimal risk of
overfitting. Its generalization ability is supported by
balanced performance across both sentiment classes
and reliable predictions, as observed in the confusion
matrix.

In conclusion, the SVM Porlis Soft Voting model
proves to be highly effective and generalizable for
sentiment classification tasks, particularly when dealing
with imbalanced and informal textual data such as
Indonesian tweets. Its superior performance stems from
the combination of diverse kernel perspectives,
probabilistic decision aggregation, and well-balanced
data preparation.

To ensure a consistent basis for comparison with
previous studies, accuracy is selected as the primary
evaluation metric in Table 3. Accuracy is a widely used
performance measure in sentiment classification tasks
due to its simplicity and interpretability. It reflects the
proportion of correctly classified instances out of the
total samples and provides a general overview of model
effectiveness. While other metrics such as precision,
recall, or Fl-score are useful in specific contexts,
especially with imbalanced datasets, many prior studies
only report accuracy. Therefore, this metric is used here
to maintain fairness and comparability across different
approaches.

This study is also compared with several previous
works to evaluate how well the SVM Porlis approach
with  ensemble voting improves classification
performance. The comparison is presented in Table 4,
which outlines the accuracy and algorithms used in
earlier studies. By examining these results, it is evident
that the proposed model demonstrates a significant
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improvement in both accuracy and consistency
compared to the methods employed in prior research.

Table 4. Comparison with Previous Research

Researchers Algorithm Accuracy
Hokijuliandy et al. SVM + Chi-Square 96%
2023 [10]

Ramasamy et al. 2021 ~ SVM + Nature-inspired 87%
[42] Optimization

Supriyatna & Putri, SVM + PSO 97%
2024 [43]

Hidayat & Wibowo, SVM + Information 89%
2024 [44] Gain

Imanuddin et al. 2023 SVM Kernel Linear 91%
[45]

Susanto & Suparwati, SVM + PSO 80%
2023 [46]

SVM + Adaboost

SVM Porlis Hard
Voting

SVM Porlis Soft Voting

92%
96%

Anam et al. 2022 [47]
This Research

98%

Table 4 presents a comparison between the proposed
method in this study namely the SVM Porlis Soft
Voting and Hard Voting models and several previous
studies that employed various combinations of SVM
algorithms and performance enhancement techniques.
The comparison shows that the SVM Porlis Soft Voting
model achieved an accuracy of 98%, making it the most
superior approach among the listed methods. This result
outperforms the SVM + PSO approach by Supriyatna &
Putri (2024), which achieved 97%, and the SVM + Chi-
Square method by [10] with 96% accuracy. The model
also significantly surpasses the SVM + Adaboost
technique used by [47], which only reached 92%, and
feature selection-based methods such as SVM +
Information Gain by [44], which recorded 89%
accuracy.

The SVM Linear Kernel approach tested by [45]
achieved an accuracy of 91%, while another SVM +
PSO method by [46] recorded only 80%, the lowest
among the compared results. Compared to these
outcomes, the SVM Porlis Soft Voting model
demonstrated a +1% improvement over the previously
best-performing method and up to +18% improvement
over the lowest-performing method. The SVM Porlis
Hard Voting model also delivered competitive
performance  with  96%  accuracy, matching
Hokijuliandy et al.’s results, though still slightly below
the soft voting version.

This significant performance gain can be attributed to
two key factors. First, the integration of multiple kernel
types (Linear, RBF, Polynomial, and Sigmoid) enables
the model to capture diverse patterns within the data—
both linear and non-linear—more comprehensively.
Second, the application of the soft voting strategy,
which takes into account the prediction probabilities
from each individual kernel before determining the final
class, allows the model to be more adaptive to data
ambiguity. This contrasts with hard voting, which relies
solely on majority votes without considering each
model’s confidence level.

Furthermore, the inclusion of the SMOTE (Synthetic
Minority Over-sampling Technique) method plays a
crucial role in enhancing model performance by
addressing the issue of class imbalance, which often
causes bias toward the majority class. Therefore, the
SVM Porlis Soft Voting approach excels not only in
terms of accuracy but also demonstrates strong
robustness in handling complex and imbalanced real-
world datasets.

In conclusion, these results confirm that the multi-
kernel ensemble model optimized with soft voting
presents a highly promising solution for sentiment
classification tasks and outperforms many existing
SVM-based approaches reported in prior studies.

4. Conclusions

This study demonstrates the effectiveness of the SVM
Porlis model, an ensemble approach that integrates
multiple SVM kernels (Linear, RBF, Polynomial, and
Sigmoid) using soft voting techniques. Unlike single-
kernel models that rely on a singular decision boundary,
this model leverages the strengths of each kernel to
capture diverse sentiment patterns, ranging from linear
relationships to complex non-linear structures. The use
of soft voting, which considers prediction probabilities,
represents a methodological advantage as it enables the
model to make more accurate decisions, particularly in
ambiguous cases. This multi-kernel integration is a
unique approach that remains relatively unexplored in
sentiment analysis of Indonesian-language social media
data.

The model achieved an accuracy of 98%, significantly
outperforming the individual kernel performances as
well as previous SVM-based methods. This high level
of performance was attained through a robust
preprocessing pipeline and data balancing using
SMOTE, which effectively addressed the issue of class
imbalance. However, the polynomial kernel
underperformed due to its tendency to overfit,
highlighting the importance of specific parameter
tuning for each kernel within an ensemble framework.

Despite the promising results, several limitations must
be acknowledged. The model was tested only within a
specific domain—tweets in Bahasa Indonesia related to
the naturalization of football players—so its
generalizability to other domains remains uncertain. In
addition, the model has not yet been evaluated in real-
time scenarios, where latency, data quality, and
scalability are critical factors. Potential data bias also
warrants attention, as social media opinions do not
always reflect the broader population and may be
influenced by trends, echo chambers, or bot activity.

For future research, several directions can be pursued.
First, the model should be evaluated on different
domains and data types to assess its generalizability
beyond the context of football-related naturalization
issues in Indonesia. Second, testing in real-time
environments is necessary to measure the model’s
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performance in handling streaming data with low
latency. Third, exploring more adaptive parameter
optimization techniques such as Bayesian Optimization
or Optuna could further enhance the performance of

each kernel

within the ensemble. Additionally,

incorporating other ensemble strategies such as

stacking or

kernel-based boosting may offer

alternatives to improve accuracy and classification
stability. With these expansions, the SVM Porlis model
can serve as a strong foundation for building more
resilient and applicable sentiment classification systems
across various social and linguistic contexts
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