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Abstract—The corruption case involving PT Pertamina (Persero) in early 2025 generated widespread public reactions on social
media, particularly on the X (Twitter) platform. The rapid dissemination of opinions in digital environments highlights the
importance of analyzing public sentiment toward socio-political issues. This study aims to examine public sentiment regarding the
Pertamina corruption case using a text classification approach based on Term Frequency—Inverse Document Frequency (TF-IDF).
This study contributes a controlled comparison of TF-IDF-based Support Vector Machine (SVM) and Logistic Regression on
imbalanced Indonesian-language tweets related to a nationally salient corruption issue, while also emphasizing the importance of
evaluating performance beyond accuracy alone through macro-F1 and minority-class recall. Two classification algorithms, Support
Vector Machine (SVM) and Logistic Regression, were employed to compare their performance in predicting lexicon-derived
positive and negative sentiment labels.. To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE)
was applied to the training data. A total of 3,058 Indonesian-language tweets collected between February 25 and March 10, 2025
underwent preprocessing and sentiment labeling using the INSET Lexicon. The results show that SVM achieved higher overall
accuracy of 94.93% and a macro-F1 score of 0.80, while Logistic Regression achieved an accuracy of 90.52% and a macro-F1
score of 0.73. However, class-wise evaluation indicates that accuracy should not be interpreted independently because the dataset
was dominated by negative sentiment. For the positive minority class, SVM obtained an F1-score of 0.64 and recall of 0.60, whereas
Logistic Regression obtained a lower F1-score of 0.52 but a higher recall of 0.69. These findings indicate a trade-off between
overall classification performance and minority-class sensitivity.
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1. INTRODUCTION

The alleged corruption case involving PT Pertamina (Persero) in early 2025 became the center of public attention and
triggered a large volume of discussion in the digital space. Public attention increased significantly on the X platform,
marked by the emergence of hashtags such as #korupsipertamina, which topped the national trending topics [1].

Public sentiment analysis is particularly important in this context, as public opinion on social media can
influence public perception, institutional legitimacy, and encourage more responsive policy-making on corruption
issues. To understand how public opinion is formed and disseminated on social media, various sentiment analysis
methods have been widely used in previous studies. In the study conducted by [2], the SVM model was applied to
analyze public sentiment towards the issue of lobster seed corruption in 2020.

Initial testing shows that the first framework with default parameters successfully produced an accuracy of
91.86%, precision of 94.05%, recall of 91.99%, and an FI-Score of 93.01%. All of these evaluation metric values
exceeded the 90% threshold, indicating that this approach is not only effective in minimizing classification errors, but
also consistent in detecting positive and negative sentiments with a high degree of reliability.

The combination of TF-IDF and Logistic Regression has also been proven to provide competitive results in
previous studies [3], particularly in sentiment analysis of LinkedIn app reviews, which are not overly complex but
have a large volume of data. By optimizing the coefficients to minimize classification errors, Logistic Regression is
able to classify sentiment with high accuracy across various types of text datasets, including user reviews on
professional platforms such as Linkedin.

Thus, despite being algorithmically simple, Logistic Regression remains one of the most powerful and reliable
methods of for text classification, especially in the context of sentiment analysis of user opinions on professional
applications such as LinkedIn [3]. However, the main challenge in sentiment analysis is data class imbalance, where
the amount of data with negative sentiment often dominates compared to positive or neutral sentiment. As a solution,
the Synthetic Minority Over-sampling Technique (SMOTE) method is applied to balance the data distribution between
existing classes [3].

It is important to note that the performance of classification methods such as TF-IDF + Logistic Regression
and TF-IDF + SVM is highly dependent on the class distribution in the dataset. If the data is unbalanced, for example,
if the number of negative tweets is much higher than positive tweets, then the model risks becoming biased towards
the majority class. Based on the above, this study aims to classify lexicon-derived sentiment labels of public opinion
on the X platform regarding the Pertamina corruption case by comparing the performance of SVM and Logistic
Regression on data balanced using SMOTE. Although various studies have shown the effectiveness of SVM and
Logistic Regression models in sentiment analysis, studies that specifically highlight the issue of national corruption
with unbalanced and informal language data characteristics are still rare. Unlike previous studies that generally focus
on sentiment analysis of product reviews or general social issues, this study highlights the 2025 Pertamina corruption
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case as a current issue of national relevance. With this focus, this study extends prior work by comparing TF-IDF +
SVM and TF-IDF + Logistic Regression on a Pertamina-related tweet dataset.

Empirical evidence regarding the performance of the Support Vector Machine (SVM) and Logistic Regression
algorithms in classifying informal Indonesian-language texts with an unbalanced class distribution is discussed in this
study. The application of the Synthetic Minority Over-sampling Technique (SMOTE) is an important approach in
maintaining data proportionality and improving classification model performance in the context of socio-political
sentiment analysis. This study provides empirical evidence on sentiment classification performance for the collected
X dataset related to the Pertamina corruption case. The findings may serve as supporting evidence for understanding
sentiment patterns during the observed period. Broader claims regarding transparency, public participation, or
governance impact require further real-world validation.

Previous research analyzed public sentiment towards the corruption case of PT. Pertamina (Persero) on the
social media platform X using Support Vector Machine (SVM). Data was collected through tweet harvesting with the
keyword "pertamina corruption", then processed through text preprocessing stages such as tokenization,
normalization, and stemming. To overcome class imbalance, the SMOTE method was used. The test results showed
an increase in model accuracy from 89% to 96% after applying SMOTE, proving that this technique is effective in
improving classification performance [1]. Previous research showed that Support Vector Machine can be effectively
applied to sentiment analysis of public opinion data from X using TF-IDF-based text representation. However, unlike
studies that compare several SVM kernels, this study specifically employs Linear SVM because TF-IDF features are
typically high-dimensional and sparse. Linear SVM is therefore considered suitable for text classification tasks,
especially when the objective is to build an efficient and interpretable baseline model for sentiment classification [4].

Previous research analyzed public sentiment toward insecurity phenomena on Platform X using Logistic
Regression on Indonesian-language tweets. After text preprocessing and 10-fold cross-validation, the study reported
that negative sentiment was dominant and that Logistic Regression achieved an average accuracy of 83.13%. This
finding confirms that Logistic Regression remains effective for sentiment analysis on Platform X [5].

Previous research shows a comparison of performance between the Logistic Regression algorithm and TF-IDF
feature-based Support Vector Classification (SVM) in sentiment analysis of movie reviews on the IMDB platform. In
this study, a dataset consisting of 2,000 review data was used, with a balanced proportion of positive and negative
sentiments, 1,000 data each. The data was then processed through preprocessing stages and divided into 70% training
data and 30% test data. Other studies comparing TF-IDF-based SVM and Logistic Regression also indicate that both
algorithms can produce competitive results on text sentiment datasets, although their performance may vary depending
on feature distribution, dataset domain, and class balance [6],[7]. In addition, other research also tested various
representation methods, including TF-IDF, and found that TF- IDF remains superior in the context of Indonesian
social media comments [8].

In addition, previous research has shown that class imbalance remains a major issue in sentiment analysis
because the majority class can dominate the learning process and inflate accuracy values [9].

Therefore, this study addresses that gap by comparing TF-IDF-based SVM and Logistic Regression under the
same preprocessing, lexicon-derived labeling, and training-only SMOTE pipeline, while emphasizing macro-F1 and
positive-class recall rather than accuracy alone.

This study deliberately focuses on TF-IDF combined with Support Vector Machine and Logistic Regression
for several methodological reasons. First, both algorithms provide interpretable and computationally efficient
baselines, which are important for analyzing large-scale social media data. Logistic Regression, in particular, has been
shown to remain a robust, transparent, and computationally efficient baseline for sentiment classification using TF-
IDF features [10]. Meanwhile, SVM remains relevant in TF-IDF-based sentiment classification because previous
studies have reported competitive performance of SVM/SVC when combined with TF-IDF feature representations
[11], [7]. Second, previous studies have shown that TF-IDF combined with Logistic Regression and SVM remains
effective for sentiment analysis, including Indonesian-language text data, where Logistic Regression and SVM
achieved competitive performance in marketplace review classification [7]. Third, Because the dataset in this study
contains imbalanced sentiment classes, SMOTE is applied only as a data balancing procedure to reduce potential bias
toward the majority class and to ensure that the comparison between SVM and Logistic Regression is conducted under
the same balanced data condition. Therefore, this study does not aim to evaluate the before-and-after effect of SMOTE,
but focuses on comparing the classification performance of SVM and Logistic Regression. In this context, both
algorithms are positioned as interpretable, efficient, and empirically relevant baseline models for Indonesian socio-
political sentiment analysis.

Based on these previous studies, this research not only addresses the identified gap but also offers several
specific contributions. First, it extends prior sentiment analysis studies by focusing on Indonesian socio-political
tweets concerning the 2025 Pertamina corruption issue, a context that remains underexplored in previous comparative
studies. Second, it systematically compares TF-IDF-based SVM and Logistic Regression within the same
experimental setting, including identical preprocessing, INSET Lexicon-based reference labeling, and training-only
SMOTE balancing. Third, this study provides methodological insight into the evaluation of imbalanced sentiment
classification by showing the importance of interpreting model performance beyond accuracy alone. Accordingly, this
study contributes to the development of more transparent and context-relevant sentiment classification research for
Indonesian social media data
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2. RESEARCH METHODOLOGY
2.1 CRISP-DM

This study uses the CRISP-DM (Cross-Industry Standard Process for Data Mining) method as a research
implementation stage, using several classification models for sentiment analysis as shown in [12].

Business i Data Preparation Modeling
Understanding Data Understanding R (i & LOGISTIC
REGRESSION)

[ Deployment ]4—[ Ewvaluation ]

Figure 1. CRISP-DM Research Stages for TF-IDF-Based SVM and Logistic Regression Classification

Figure 1 shows the research stages based on the CRISP-DM framework, is a process model widely applied in
data mining research. CRISP-DM is considered a de facto standard and an industry-independent process model for
conducting data mining projects. This methodology consists of six iterative phases: Business Understanding, Data
Understanding, Data Preparation, Modeling, Evaluation, and Deployment.The Business Understanding phase focuses
on identifying the research objectives and defining the data mining goals. The Data Understanding phase involves
collecting, exploring, and assessing the quality of the data. The Data Preparation phase includes data selection,
cleaning, and transformation to ensure that the data is suitable for analysis. In the Modeling phase, appropriate
modeling techniques are selected and applied to build the model. The Evaluation phase is then carried out to assess
whether the model results align with the research objectives. Finally, the Deployment phase involves presenting or
implementing the research findings in the form of reports, recommendations, or system implementation [13].

In this study, TF-IDF is applied in the Data Preparation stage after preprocessing and sentiment labeling. The
dataset is first divided into training and testing data using a stratified split. The TF-IDF vectorizer is then fitted only
on the training data and applied to the test data to prevent data leakage. After the text data are transformed into TF-
IDF vectors, SMOTE is applied only to the training TF-IDF vectors to balance the minority class. The prepared data
are then used in the Modeling stage, where Support Vector Machine and Logistic Regression are trained as
classification algorithms for positive and negative sentiment prediction

2.2 Business Understanding

This study aims to analyze categories public sentiment regarding the issue of corruption at Pertamina using a machine
learning approach based on Term Frequency-Inverse Document Frequency. Two machine learning models,namely
Support Vector Machine and Logistic Regression, were applied to build a classification model that can distinguish
sentiment into positive and negative categories in tweet data. In addition, this study aims to evaluate which is the best
between TF-IDF + SVM and TF-IDF-LR in the same pipline with SMOTE. In many cases of sentiment analysis, the
amount of data with negative sentiment is often far more dominant than positive sentiment, which can cause the model
to be biased towards the majority class. To overcome this problem, the Synthetic Minority Over-sampling Technique
(SMOTE) is used to balance the class distribution in the training data. Sentiment analysis is an approach used to
identify and interpret opinions, emotions, and attitudes expressed in textual data.Sentiment analysis is a method within
natural language processing that evaluates and identifies the emotional tone conveyed in text and classifies it into
categories such as positive, negative, or neutral. This field has become an important area of research because it enables
the extraction of valuable insights from large-scale textual data and is widely applied in natural language processing,
text classification, machine learning, deep learning, and other intelligent data analysis tasks [14].

2.3 Data Understanding

The research process began with the collection of an Indonesian-language tweet dataset sourced from the X (Twitter)
platform using a scraping process and then using tweet-harvest. The dataset was then filtered and cleaned of duplicate
tweets, retweets, and irrelevant content to ensure the quality of the data to be analyzed [15]. Using the keyword
"korupsi pertamina" during the period from February 25 to March 10, 2025, 3058 data points were obtained.

The dataset consisted of public tweets related to the corruption issue involving Pertamina, which became a
topic of public discussion on X during the selected period. Each tweet was reviewed to understand the type of
information contained in the dataset, including tweet text, posting date, and other available tweet attributes generated
from the scraping process.

2.4 Data Preparation
2.4.1 Preprocessing

After the data was collected, the preprocessing stage was carried out to prepare the raw data into a format suitable for
sentiment analysis. This process includes several important stages such as text cleansing, tokenization, stopword
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removal, and stemming using Indonesian NLP libraries such as Sastrawi. These stages aim to reduce noise in the data
and simplify word representation [16].

Since the dataset was collected from platform X, the tweets may contain informal language, abbreviations,
non-standard spelling, and slang expressions. These characteristics are common in social media text and may affect
sentiment classification because informal words are not always represented in standard dictionaries or sentiment
lexicons. In this study, informal textual forms were handled in a limited manner through text cleansing, tokenization,
stopword removal, and stemming. However, this study did not apply a dedicated slang normalization dictionary.
Therefore, slang terms that were not recognized by the INSET Lexicon or were not converted into standard forms
may still affect the accuracy of sentiment labeling and classification. Recent studies on Indonesian sentiment analysis
show that slang normalization can improve classification performance because informal words, abbreviations, and
non-standard expressions on Twitter may reduce the quality of sentiment analysis if they are not normalized properly
[17].

Table 1. Pre-processing Result

Full text Clean_text Tokenization Stop_Removal STEMMED
@DoankWarto Sejak sejak era orla di , 'sejak’, ‘era’, 'sejak’, 'era’, 'orla’, 'sejak’, 'era’, 'orla/,
era orla dipertamina pertamina banyak ‘orla’, 'di', 'pertamina’, 'kor... 'pertamina’, 'kor...

banyak.. korupsiny.. 'pertamina’...

Table 1 shows the results of the pre-processing stages, which include clean_text, tokenization, stopword
removal, and stemming. The clean_text stage serves to clean the text of irrelevant elements such as URLs, numbers,
symbols, emojis, and excessive punctuation so that the data becomes more structured and ready for processing. Next,
the tokenization process is carried out to break sentences into word units so that analysis can take place at a more
granular level. After that, stopword removal is applied to eliminate common words that do not contribute significantly
to the main meaning of the text, thereby reducing noise and improving the quality of the features produced. Finally,
stemming is performed to return each word to its base form in order to unify variations of words with the same
meaning. This entire process ensures that the text data is in optimal condition for use in the feature extraction and
classification model stages.

2.4.2 Labeling

After the pre-processing stage, this study uses a lexicon-based approach, which is a a method that relies on an opinion
dictionary to generate lexicon-based sentiment labels. In this context, the INSET Lexicon (Indonesian Sentiment
Lexicon) is used, which is an Indonesian sentiment dictionary developed specifically for sentiment analysis on social
media and microblogs[18].

INSET Lexicon was selected because it is an Indonesian sentiment lexicon specifically developed for
microblog and social media contexts. It contains more than 10,000 sentiment words, consisting of 3,609 positive
words and 6,609 negative words, with polarity weights ranging from -5 to +5, each tweet that has undergone
preprocessing will be analyzed based on the presence of words found in the INSET Lexicon. The sentiment score was
calculated as a lexicon-derived polarity score based on sentiment-bearing words found in each tweet.

INSET is widely used in Indonesian lexicon-based sentiment analysis [19].While other research use InSet
Lexicon as training data in supervised machine learning and describe it as an effective alternative for large-scale data
labeling [20].

Table 2. Labeling Result

Text Label Score
sejak era orla pertamina korupsi rezim bongka... Negative -26.0
maaf ga bikin uang masyarakat turun harga per... Negative -4.0

Table 2 presents an example of the results of the sentiment labeling process, which consists of three main
components, namely the original text (7ext), sentiment category (Label), and sentiment score (Score). The Text column
contains excerpts from the collected data, which in this example reflect public opinion on the issue of corruption at
Pertamina. The Label column shows the automatic sentiment labels generated by the INSET Lexicon-based labeling
procedure with the category ‘Negative’ indicating that, according to the lexicon-based scoring scheme, the text
contains more or stronger negative polarity terms. The Score column provides a quantitative value that represents the
lexicon-derived polarity strength, not a definitive measurement of human-perceived sentiment intensity Within the
lexicon-based scoring scheme, the lower the negative score, the stronger the negative polarity tendency. Thus, this
table not only describes sentiment categories but also shows the weight or degree of sentiment strength in each text.

This methodological framing is also consistent with self-supervised sentiment classification research. Other
research explain that when annotated data are unavailable, a lexicon-based method can be used to generate reference
labels before training a supervised machine learning classifier [21]. The generated labels are treated as lexicon-derived
reference labels, not as human ground-truth labels. Therefore, model performance should be interpreted as agreement
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with INSET-based labels. This study also acknowledges that lexicon-based labeling may not fully capture sarcasm,
irony, implicit sentiment, or target-dependent meaning [22].

2.4.3 Feature Extraction Using TF-IDF

Term Frequency-Inverse Document Frequency (TF-IDF) is a statistical weighting method used to represent text
numerically by combining the frequency of a term in a document with its inverse frequency across the corpus. A term
receives a higher weight when it appears frequently in a document but rarely appears in other documents [23]. The
Term Frequency (TF) measures how often a term appears in a document and is formulated as:

t
TF = - ()

In this equation, t indicates the frequency of a word's appearance in a document, while d describes the total number
of words in the document. The Inverse Document Frequency (IDF) formula is presented in Equation (2).

e N

idf = log (5 ; (t)) )
In this case, N represents the total number of available documents, while df(t) indicates the number of documents
containing word t. The formulation for calculating TF-IDF can be seen in Equation (3).

TFidf = TF.idf “4)

In this research TF-IDF was applied after Labeling process with splitting the dataset into training and testing
data using a stratified split then transforming the text into TF-IDF vectors, where the vectorizer was fitted on the
training data and applied to the test data after that applying SMOTE only to the training TF-IDF vectors to balance
the minority class and prevent data leakage

2.4.4 SMOTE

SMOTE is an oversampling method used to address class imbalance by generating synthetic samples for the minority
class based on the characteristics of nearby minority samples [24], [25].The following is the formula for the SMOTE
technique:

Xsyn = X; + (Xknn — X)) X 8 Q)

Where x,,,, represents the synthetic data point, x; represents the minority sample to be replicated, Xyp, represents
one of its nearest neighbors, and & is a random value between 0 and 1. The SMOTE (Synthetic Minority Over-
sampling Technique) technique was used to address data disparity issues in the sentiment classification process.
SMOTE serves to balance the proportion of data between classes by adding synthetic samples to the minority class.
In this study, SMOTE was applied only after the train-test split and only to the training TF-IDF vectors to prevent
data leakage [26], [27]. The test data remained unchanged and non-synthetic. Therefore, SMOTE outputs are
interpreted as synthetic numerical vectors in the TF-IDF feature space, not as linguistically meaningful tweets.

Sentiment Label Distribution

2500 +

2000
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Number of Samples

500 4

Negative Positive
Sentiment Label

Figure 2. Data Distribution Before SMOTE

Figure 2 shows the initial distribution of sentiment labels in the dataset before the balancing process. It can be
seen that the number of data with Negative labels is very dominant, reaching more than 2.700 data, while Positive
labels are only in the range of 250 data. Figure 2 shows the initial distribution of sentiment labels before the balancing
process. The Negative class is highly dominant, while the Positive class contains far fewer samples. This imbalance
indicates that the dataset has a significant class imbalance problem. Such a condition may cause classification models
to become biased toward the majority class and fail to recognize minority-class patterns effectively
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Sentiment Label Distribution After SMOTE
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Figure 3. Data Distribution After SMOTE

Figure 3 shows the label distribution after applying the Synthetic Minority Over-sampling Technique
(SMOTE). This method works by synthetic numerical feature vectors in the TF-IDF feature space. The visualization
results show that both classes have the same amount of data, approximately 2,200 data points each. Figure 3 shows
the class distribution after applying SMOTE to the training data. The visualization indicates that SMOTE produced a
more balanced class distribution between the Negative and Positive classes in the training feature space.

2.5 Modeling
2.5.1 Classification Using Support Vector Machine

Support Vector Machine (SVM) is a supervised learning algorithm that aims to determine the optimal hyperplane
separating two classes with maximum margin. The hyperplane acts as a decision boundary between classes. SVM
works by maximizing the distance between the closest training samples (support vectors) and the decision boundary.

Although originally developed for binary classification, SVM has been extensively applied in text classification
problems[28]. In this study, Linear SVM was employed to classify tweets into positive and negative sentiment
categories using the balanced TF-IDF feature vectors obtained from the previous stage. Linear SVM was selected
because it is effective for high-dimensional sparse text features and provides a strong baseline for text classification
tasks. The trained model was then used to predict sentiment labels in the test set for performance comparison. The
hyperplane function is defined as:

w.x)+b=0 (6)
The decision boundaries for class separation are:

(w.x)+b=+1

wx)+b=-1 (7

Previous research [29] applying SVM for sentiment analysis related to internet service providers in Indonesia
demonstrates its effectiveness in handling complex and unstructured social media data.

2.5.2 Classification Using Logistic Regression

Logistic Regression is a probabilistic classification method used to model the relationship between independent
variables and a binary dependent variable. The dependent variable is encoded as 1 (positive) and 0 (negative) [30]. In
sentiment analysis. In this study, Logistic Regression was trained using the same balanced TF-IDF training features
as the SVM model, so that both classifiers were compared under identical preprocessing and data balancing conditions.
Logistic Regression was included as a comparative baseline because of its interpretability, computational efficiency,
and widespread use in binary text classification. Logistic Regression estimates the probability that a document belongs
to a particular class. The logistic regression model is expressed as:

lOgit(S) =b0 +b1M1+b2M2+b3M3+"'+bKMk (8)

The logit function, denoted as logit(S), represents the logarithm of the odds that an observation belongs to a
particular class. In this context, § is the probability that an observation falls into the target class, such as positive
sentiment, while 1 — S represents the probability that it does not.

The term by refers to the constant or intercept in the logistic regression model. It represents the baseline value
of the log-odds when all predictor attributes are equal to zero. The coefficients by, b,, bg represent the logistic
regression coefficients, which indicate the direction and magnitude of each predictor’s influence on the dependent
variable.The variables M4, M,, My represent the predictor attributes or features used in the model. In text
classification, these may include values such as the TF-IDF weight of particular words or terms. The symbol k denotes
the total number of predictor attributes included in the model

A previous study [24] demonstrated that Logistic Regression combined with SMOTE effectively addressed
data imbalance in sentiment analysis related to the 2024 Indonesian elections. The results indicate that Logistic
Regression remains competitive when paired with appropriate feature representation and balancing techniques.
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Based on these findings, Logistic Regression is employed in this study as a comparative baseline to SVM,
providing a comprehensive evaluation of both models in the context of public sentiment classification. In the modeling
stage, the sentiment-labeled dataset was transformed into TF-IDF feature vectors after being split into stratified
training and testing sets. The TF-IDF vectorizer was fitted on the training data and then applied to the test data. To
address class imbalance while avoiding data leakage, SMOTE was applied only to the training TF-IDF vectors. The
balanced training features were then used to train two classification models, namely Linear Support Vector Machine
(SVM) and Logistic Regression, under the same experimental setting

2.6 Evaluation

In this study, model evaluation is conducted to assess the extent to which the Support Vector Machine (SVM) and
Logistic Regression algorithms are capable of accurately performing text classification on social media X data after
undergoing feature representation using the Term Frequency—Inverse Document Frequency (TF-IDF) method. This
evaluation stage aims to measure the performance of both models based on the testing dataset, which has not been
previously seen during the training process.

Model performance is evaluated using several key metrics commonly applied in text classification tasks,
namely accuracy, precision, recall, and F1-score, which are derived from the confusion matrix. In this context, *True
Positive* (TP) represents the number of text data instances that are correctly classified into a particular sentiment
category in accordance with their actual labels. Meanwhile, True Negative (TN) indicates the number of instances that
are correctly predicted as not belonging to a given class. False Positive (FP) occurs when a data instance is incorrectly
classified into a certain class, whereas False Negative (FN) represents instances that should belong to a specific class
but are not correctly identified by the model.

These four components form the basis for calculating the evaluation metrics and provide a comprehensive
overview of the model’s performance in terms of correctness (accuracy), precision (precision), completeness (recall),
and balance between precision and recall (F1-score). This evaluation enables a systematic comparison between SVM
and Logistic Regression in performing text classification on social media X data.

a. Accuracy
Accuracy is used to measure the proportion of correct predictions compared to all predictions made by the model
[31]. The calculation of the accuracy value in this study was carried out using Equation (9)

TP+TN

Accuracy = ———
y TP+TN+FP+FN

®)
b. Precision
Precision describes the extent to which the model is able to provide accurate predictions for each class without
producing many false positives[32].
TP
TP +FP

Precision = )
c. Recall
Recall is computed as the ratio of positive samples that were properly categorized as positive to the total number
of positive samples[33].
TP
TP +FN

Recall =

(10)

d. F1-Score
The F1-score is the harmonic mean between precision and recall,which provides an overview of the balance of
model performance in each class[34].The F1-score calculation in this study refers to Equation (11).

recision Xrecall
F1— score =2 x PEcsionxrecas

(11)

precision +recall
2.7 Deployment

The CRISP-DM deployment stage is the implementation and utilization of the model in the real world or production
environment. Within the CRISP-DM framework, deployment is treated as a potential future application rather than an
implemented system in this study. The evaluated pipeline could be adapted in future work for integration into
dashboards or monitoring tools, subject to additional validation on continuously collected data.

3. RESULT AND DISCUSSION
3.1 Result
3.1.1Data Collection and Preprocessing

This study began with the collection of Indonesian-language tweets from the X platform using the keyword “korupsi
pertamina” during the period from February 25, 2025 to March 10, 2025. A total of 3,058 tweets were obtained and
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used as the dataset for this research. After the data were collected, an initial filtering process was conducted to remove
duplicate tweets, retweets, and irrelevant content in order to ensure that the dataset was relevant to the research topic
and suitable for further analysis.

Following data collection, the dataset underwent a preprocessing stage to transform raw social media text into
a cleaner and more structured format. The preprocessing steps included text cleaning, tokenization, stopword removal,
and stemming using Indonesian natural language processing tools such as Sastrawi. In the text cleaning stage,
irrelevant elements such as URLs, mentions, numbers, symbols, emojis, and excessive punctuation were removed.
The tokenization process then split each tweet into individual word units to enable more detailed analysis. After that,
stopword removal was applied to eliminate common words that do not contribute significantly to sentiment meaning.
Finally, stemming was performed to convert inflected words into their root forms, thereby reducing lexical variation
and improving consistency in text representation. The overall results of these preprocessing stages are presented in
Table 1, which shows the transformation from full text into clean_text, tokenization, stop removal, and stemmed
forms. Overall, this stage produced a more structured and analysis-ready dataset for the subsequent sentiment labeling
and classification processes.

3.1.2 Sentiment Labeling

After preprocessing, each tweet was assigned a sentiment label using a lexicon-based approach with the INSET
Lexicon. In this stage, the sentiment of each tweet was determined by identifying sentiment-bearing words contained
in the lexicon and calculating a sentiment score based on their polarity. Based on the resulting score, each tweet was
classified into either the positive or negative sentiment category.

However, the labels generated through this process are not treated as absolute human ground-truth labels.
Instead, they are treated as lexicon-derived reference labels. This distinction is important because the collected social
media dataset does not contain manually annotated sentiment labels. Therefore, INSET Lexicon is used as an
automatic labeling mechanism to enable supervised sentiment classification on an unlabeled Indonesian social media
dataset.

The labeling results are illustrated in Table 2, which includes three main components: Text, Label, and Score.
The Text column contains the processed tweet content, the Label column shows the assigned sentiment category, and
the Score column represents the intensity of the sentiment polarity. A lower negative score indicates a stronger
negative sentiment tendency. This labeling stage produced a sentiment-labeled dataset that served as the basis for the
classification models. In addition, the labeling results showed that the negative class was substantially more dominant
than the positive class, indicating the presence of class imbalance in the dataset.

3.1.3 Data Balancing Using SMOTE

Based on the sentiment labeling results, the dataset exhibited a clear class imbalance, where the number of negative
tweets was much larger than the number of positive tweets. Such an imbalance can affect the learning process of
classification algorithms, as models tend to favor the majority class and may fail to adequately capture patterns from
the minority class. To address this issue, this study applied the Synthetic Minority Over-sampling Technique
(SMOTE) as a data balancing method.

The distribution of sentiment classes before balancing is shown in Figure 2, where the negative class clearly
dominates the dataset. After applying SMOTE to the training data, the class distribution became more balanced, as
illustrated in Figure 3. This more proportional class distribution provided a better training condition for the
classification models, especially in learning the characteristics of the minority class. In this study, SMOTE was used
as part of the experimental pipeline so that the comparison between Support Vector Machine (SVM) and Logistic
Regression was conducted under the same balanced training condition.

SMOTE was applied only to the training data after TF-IDF feature extraction. Therefore, the synthetic samples
generated by SMOTE were not interpreted as new tweets or linguistically meaningful textual data. Instead, they were
treated as synthetic numerical feature vectors in the TF-IDF feature space. This distinction is important because TF-
IDF represents text as weighted numerical values, not as natural language sentences.

The use of SMOTE in this study was therefore limited to balancing the class distribution in the training feature
space. The generated synthetic vectors were used to help the classification models learn minority-class patterns more
effectively under imbalanced data conditions. However, this study acknowledges that SMOTE does not preserve full
linguistic or semantic meaning when applied to TF-IDF features. Thus, the results should be interpreted as the
performance of machine learning models trained on balanced numerical feature representations, not as evidence that
synthetic samples represent valid natural-language tweets.

3.1.4Modeling and Evaluation

In the modeling stage, the sentiment-labeled text data were transformed into numerical features using Term
Frequency—Inverse Document Frequency (TF-IDF). These features were then used as input for two classification
algorithms: Support Vector Machine (SVM) and Logistic Regression. Model performance was evaluated on the test
set using accuracy, precision, recall, and F1-score.
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Based on the testing results, the SVM model achieved an accuracy of 0.95. However, this value should be
interpreted cautiously because the test set remained highly imbalanced, with 567 negative samples and only 45 positive
samples. A majority-class prediction strategy would already produce a high baseline accuracy of approximately
92.65%. Therefore, accuracy alone is insufficient to evaluate the model’s performance. Class-specific recall, precision,
F1-score, macro average, and confusion matrix analysis are needed to assess whether the model can recognize both
negative and positive sentiment categories.

Table 3. SVM Evaluation Matrix

Precision Recall F1-Score Support

Negative 0.97 0.98 0.97 567
Positive 0.68 0.60 0.64 45

Accuracy 0.95 612
Macroavg 0.82 0.79 0.80 612
Weighted avg 0.95 0.95 0.95 612

Table 3 shows that Linear SVM achieved an accuracy of 0.95 and a macro-F1 score of 0.80. However, this
accuracy should be interpreted carefully because the test set was dominated by negative sentiment. For the negative
class, SVM achieved strong performance with precision of 0.97, recall of 0.98, and F1-score of 0.97. In contrast, the
positive class obtained lower performance, with precision of 0.68, recall of 0.60, and F1-score of 0.64. The positive-
class recall indicates that SVM missed 40% of positive tweets. Therefore, although SVM produced strong overall
performance, it remained less sensitive to minority positive sentiment. The macro-F1 score of 0.80 provides a more
balanced view of model performance than accuracy because it gives equal weight to both classes. Meanwhile, the
weighted average F1-score of 0.95 is heavily influenced by the dominant negative class. Therefore, the SVM model
can be considered strong in overall classification and majority-class recognition, but still limited in detecting positive
sentiment.

Confusion Matrix (SMOTE Pipeline)
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Figure 4. Confusion Matrix Result of the SVM Algorithm

Figure 4 presents the confusion matrix results of the SVM model using the TF-IDF and SMOTE pipeline. The
model was evaluated on the test data using lexicon-derived reference labels generated from the InSet Lexicon. Based
on the confusion matrix, the SVM model shows strong performance in identifying negative sentiment, with 554 true
negatives and only 13 false positives. This indicates that most tweets labeled as negative by the InSet Lexicon were
also predicted as negative by the SVM model.

However, the model still shows limitations in detecting positive sentiment. The SVM model correctly classified
27 positive tweets, while 18 positive tweets were misclassified as negative. This result indicates that the model is more
effective in recognizing negative sentiment patterns than positive ones.

From a linguistic perspective, these false negative errors may occur because positive tweets in socio-political
discourse often contain negative lexical items. For example, a tweet may express support for a certain political actor
or policy while simultaneously criticizing an opposing group. In this case, negative words may dominate the TF-IDF
representation, causing the SVM model to classify the tweet as negative even though the overall sentiment label from
the InSet Lexicon is positive.

In addition, socio-political tweets in Indonesian frequently contain sarcasm, irony, informal expressions,
abbreviations, hashtags, and context-dependent political terms. These linguistic characteristics are difficult for TF-
IDF-based models to capture because TF-IDF mainly represents word frequency and importance, rather than
pragmatic meaning or sentence-level context. Therefore, the misclassification produced by the SVM model is not only
related to class imbalance, but also to the linguistic complexity of Indonesian socio-political tweets.

Overall, the SVM model performs well in minimizing false positive errors in the negative class. Nevertheless,
its lower sensitivity toward positive sentiment suggests that further improvements are needed, particularly by
incorporating contextual or semantic features that can better capture implicit sentiment, sarcasm, and target-dependent
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expressions. As a comparison, a model was trained using the Logistic Regression (LR) algorithm with a similar
preprocessing and oversampling pipeline, namely using the SMOTE method to handle class imbalance.

Table 4. Logistic Regression Evaluation Matrix

Precision Recall Fl1-Score Support

Negative 0.97 0.92 0.95 567
Positive 0.41 0.69 0.52 45

Accuracy 0.91 612
Macro avg 0.69 0.81 0.73 612
Weighted avg 0.93 0.91 0.92 612

Table 4 shows that Logistic Regression achieved lower overall accuracy than SVM, namely 0.91. This accuracy
is lower than the SVM accuracy and should also be interpreted cautiously because the test set is dominated by the
negative class. Unlike SVM, Logistic Regression showed higher sensitivity toward the positive class, as reflected by
its positive-class recall of 0.69. This means that Logistic Regression correctly identified 69% of positive tweets, which
is higher than the SVM positive recall of 0.60.

However, this improvement in positive recall came with a trade-off. Logistic Regression produced a low
positive-class precision of 0.41, meaning that many tweets predicted as positive were actually negative. This is also
reflected in the confusion matrix, where 44 negative tweets were misclassified as positive. Therefore, Logistic
Regression was more aggressive in detecting positive sentiment, but less selective in ensuring that positive predictions
were correct.

In contrast, SVM produced fewer false positives but missed more positive tweets. This indicates a different
decision behavior between the two models. Logistic Regression tends to increase minority-class sensitivity, while
SVM tends to maintain a more conservative decision boundary that produces better overall balance as shown by its
higher macro-F1 score
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Figure 5. Confusion Matrix Results of the Logistic Regression Algorithm

Figure 5 shows the confusion matrix results of the Logistic Regression model using the same TF-IDF and
SMOTE pipeline. Similar to the SVM model, Logistic Regression was evaluated using lexicon-derived reference
labels generated from the InSet Lexicon. The model correctly classified 523 negative tweets as true negatives, while
44 negative tweets were incorrectly classified as positive. This indicates that Logistic Regression is more likely than
SVM to predict tweets as positive, even when the reference label is negative. For the positive class, Logistic
Regression achieved better performance than SVM. The model correctly classified 31 positive tweets, while 14
positive tweets were misclassified as negative. This shows that Logistic Regression has higher sensitivity toward the
positive class, as reflected in its better positive recall.

The false positive errors in Logistic Regression may be caused by the presence of positive words that are used
in a negative or sarcastic context. In socio-political tweets, users often use seemingly positive expressions to criticize
political figures, policies, or opposing groups. As a result, the model may interpret these positive lexical cues as
indicators of positive sentiment, even though the intended meaning of the tweet is negative.

Meanwhile, false negative errors may occur when tweets labeled as positive by the InSet Lexicon contain
negative expressions directed at an opposing political group rather than at the main target of support. This reflects the
problem of target-dependent sentiment, where the sentiment orientation depends on which actor, issue, or group is
being evaluated. Since Logistic Regression with TF-IDF features does not fully capture this contextual relationship,
some positive tweets are still classified as negative.

These findings suggest that linguistic misclassification in the Logistic Regression model is influenced by
sarcasm, negation, informal language, political slang, and context-dependent expressions. Therefore, the errors shown
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in the confusion matrix should not be interpreted only as numerical classification errors, but also as evidence of the
linguistic challenges involved in classifying Indonesian socio-political tweets.

Overall, Logistic Regression demonstrates better sensitivity in detecting the positive class than SVM, although
this comes with a higher number of false positives. This trade-off shows that Logistic Regression is more responsive
to positive sentiment patterns, but it is also more vulnerable to misinterpreting positive lexical cues that appear in
negative or sarcastic contexts.

3.2 Discussion

Based on the evaluation results, SVM and Logistic Regression showed different classification behaviors in handling
Indonesian social media text represented using TF-IDF features. The SVM model achieved higher overall accuracy
and macro-F1 than Logistic Regression. However, the high accuracy should be interpreted cautiously because the test
set was dominated by the negative class. A majority-class baseline would already produce high accuracy, so accuracy
alone is not sufficient to determine the best model.

The SVM model achieved an accuracy of 0.95 and a macro-F1 score of 0.80, which indicates better overall
balance than Logistic Regression. However, its positive-class recall was only 0.60, meaning that 40% of positive
tweets were misclassified as negative. This shows that SVM was effective in recognizing dominant negative sentiment
patterns, but less sensitive to minority positive sentiment. In other words, SVM provided more stable overall
performance but still showed weakness in detecting positive opinions.

Logistic Regression, on the other hand, achieved lower accuracy of 0.91 and lower macro-F1 of 0.73, but
produced higher positive-class recall of 0.69. This indicates that Logistic Regression was more sensitive in detecting
positive tweets than SVM. However, this sensitivity came at the cost of lower positive-class precision of 0.41, meaning
that many negative tweets were incorrectly predicted as positive. Therefore, Logistic Regression showed a recall-
oriented behavior for the minority class, while SVM showed a more precision-oriented and conservative behavior.

From a computational and feature-distribution perspective, both SVM and Logistic Regression are linear
models that operate on high-dimensional sparse TF-IDF vectors. SVM attempts to find a maximum-margin
hyperplane, which can produce a more conservative separation between classes when the dominant negative class has
clearer and more frequent lexical patterns. This may explain why SVM produced fewer false positives and achieved
higher macro-F1. In contrast, Logistic Regression estimates class probabilities through a linear combination of TF-
IDF features. After SMOTE balancing, Logistic Regression became more sensitive to minority-class regions in the
feature space, which improved positive recall but also increased false positive predictions.

The confusion matrix results further show that model errors were not merely numerical errors but were also
related to linguistic characteristics of social media text. Tweets about corruption often contain negative lexical cues,
even when the intended sentiment may not be fully negative. As a result, positive tweets containing corruption-related
terms may be misclassified as negative. In addition, slang, informal expressions, implicit sentiment, and sarcasm may
reduce the ability of TF-IDF-based models to capture the intended meaning of a tweet. Therefore, the results suggest
that future work should include linguistic error analysis, slang normalization, sarcasm-aware modeling, and
comparison with contextual embedding-based models

4. CONCLUSION

Based on the results and discussion, both Support Vector Machine and Logistic Regression were able to perform
sentiment classification on Indonesian-language tweets related to the Pertamina corruption issue using the TF-IDF
and SMOTE-based pipeline. However, the two models showed different performance characteristics. SVM achieved
higher overall accuracy and macro-F1, indicating stronger overall balance across evaluation metrics. Nevertheless,
the high accuracy should be interpreted cautiously because the test set was dominated by negative sentiment. A
majority-class baseline would already produce high accuracy, so class-specific metrics provide a more meaningful
interpretation of model performance. The SVM model achieved stronger performance in recognizing the dominant
negative class and produced fewer false positive errors. However, its positive-class recall of 0.60 indicates that 40%
of positive tweets were still misclassified as negative. Logistic Regression, although having lower overall accuracy
and macro-F1, achieved higher positive-class recall of 0.69. This indicates that Logistic Regression was more sensitive
in detecting positive sentiment, but this came with lower precision and more false positive predictions. Therefore, the
main finding of this study is not simply that SVM outperformed Logistic Regression, but that both models produced
different trade-offs. SVM was more stable for overall classification, while Logistic Regression was more sensitive to
minority-class positive sentiment. This finding is important because sentiment classification on social media data
should not rely only on accuracy, especially when the dataset is imbalanced. The contribution of this study lies not
only in comparing two traditional classifiers, but also in providing an empirical benchmark for imbalanced Indonesian
socio-political sentiment classification on Platform X under the same preprocessing, lexicon-derived labeling, and
training-only SMOTE setting. In addition, this study shows that model selection in imbalanced sentiment classification
should not rely solely on accuracy, but should also consider macro-F1 and minority-class recall to obtain a more
balanced interpretation of performance. This study also has several limitations. First, the sentiment labels were
generated using a lexicon-based approach and should be interpreted as lexicon-derived reference labels rather than
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human ground-truth labels. Second, SMOTE was applied only in the TF-IDF numerical feature space and does not
generate linguistically meaningful tweets. Third, slang, sarcasm, implicit sentiment, and contextual meaning were not
fully handled by the current pipeline. Future research should include manual label validation, inter-annotator
agreement, comparison between lexicon-derived labels and human-annotated labels, slang normalization, sarcasm
detection, linguistic error analysis of misclassified tweets, class weighting, threshold tuning, and contextual
embedding or transformer-based models. These future directions are added to address the limitations related to
labeling validity, minority-class detection, slang, sarcasm, and contextual meaning.
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