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ABSTRACT

The expansion of social media platforms, especially Twitter (now X), has made them
valuable sources for capturing real-time public sentiment. This study addresses the
challenge of accurately analyzing sentiment related to the Clash of Champions event
in Indonesia by exploring various machine learning techniques. The primary goal is
to evaluate the performance of three classification algorithms—Support Vector
Machine (SVM), Random Forest, and Extreme Gradient Boosting (XGBoost)—when
paired with two widely used text representation methods: Term Frequency-inverse
Document Frequency (TF-IDF) and Bag of Words (BoW). Key contributions of this
study include the application of the Synthetic Minority Oversampling Technique
(SMOTE) to address class imbalance and the use of GridSearchCV for systematic
hyperparameter optimization. A dataset of 1,000 tweets was collected via web
scraping, manually annotated, and processed using natural language processing
techniques. The data was split into training and testing sets, with the models
evaluated based on accuracy, precision, recall, F1 score, and AUC metrics. Results
indicate that the Random Forest model with TF-IDF representation achieved the
highest classification accuracy of 91%, while the XGBoost model with TF-IDF yielded
the best AUC score of 0.91. In general, TF-IDF outperformed BoW in most cases,
demonstrating its superior ability to capture more meaningful word patterns. SMOTE
effectively addressed the data imbalance issue, and GridSearchCV contributed to
optimal model parameter tuning. In conclusion, the research highlights the
significant impact of selecting suitable feature extraction techniques and
classification algorithms on the success of sentiment analysis for social media data.
Future studies should consider incorporating contextual embedding models like
Word2Vec, FastText, or transformer-based approaches such as BERT to enhance
sentiment analysis accuracy.
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1. INTRODUCTION Among the available platforms, Twitter (recently

Sentiment represents the subjective expression of an
individual's attitudes, opinions, or emotional responses
toward a particular topic, product, or event [1]. Sentiment
analysis is crucial for gaining insights into public opinion,
helping guide strategic decisions in areas such as
business intelligence, politics, and the assessment of
public services. In the context of the digital age, social
media has emerged as a prominent and prolific medium
through which individuals articulate their sentiments in
real time. Social media platforms are characterized by
their dynamic and interactive nature, allowing users to
generate, disseminate, and engage with diverse forms of
content such as text, images, and videos [2]. The
continuous and large-scale production of user-generated
content positions social media as a valuable and
abundant source of data for sentiment analysis.

rebranded as X) is one of the most extensively utilized in
public opinion research, owing to its concise textual
format and real-time dissemination capabilities.
Nevertheless, the high volume and velocity of data
produced on such platforms render manual sentiment
analysis impractical and inefficient [3]. Consequently,
there is a growing need for automated methods capable
of processing unstructured text data at scale. Natural
Language Processing (NLP), a branch of artificial
intelligence focused on allowing computers to
comprehend and analyze human language, has emerged
as a key method in this field [3]. By employing NLP
techniques, unstructured content from social media can
be systematically transformed into structured insights,
thereby enhancing the efficacy of data-driven decision-
making processes.
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Numerous researchers have proposed approaches for
sentiment analysis, utilizing feature extraction methods
like Term Frequency-Inverse Document Frequency (TF-
IDF) and Bag of Words (BoW). TF-IDF calculates the
importance of terms by comparing how often they appear
in a specific document to how frequently they occur
across the entire dataset, highlighting more meaningful
words while reducing the weight of frequently used ones
[4]. In contrast, BoW converts textual input into fixed-
length vectors by simply counting word occurrences,
disregarding syntax, word order, and semantic context [5].
Although both techniques have shown effectiveness in
various natural language processing tasks, they remain
limited in their ability to capture contextual relationships—
an essential aspect when analyzing informal and nuanced
expressions often found in social media platforms such as
Twitter [4][5]. This limitation underlines the importance of
systematically evaluating the performance of these
feature extraction methods in real-world sentiment
classification scenarios.

To overcome issues related to feature representation
and enhance prediction performance, various machine
learning algorithms have been investigated. Support
Vector Machine (SVM) stands out for its effectiveness in
managing high-dimensional and sparse text data, as well
as its capability to create optimal hyperplanes for both
binary and multiclass classification tasks [6]. At the same
time, ensemble learning methods like Random Forest and
Extreme Gradient Boosting (XGBoost) have shown strong
performance by effectively modeling complex, non-linear
patterns and reducing overfitting—Random Forest
through bootstrapping techniques and XGBoost via
gradient-based optimization strategies [7][8]. Prior studies
emphasize that the interaction between feature extraction
techniques and classifier choice significantly influences
model effectiveness. Despite the advancements in
sentiment analysis, there is a lack of thorough studies that
assess the combined application of TF-IDF and BoW with
classifiers like SVM, Random Forest, and XGBoost,
especially in the context of Twitter sentiment analysis.
This gap is what this research seeks to fill.

A key challenge in sentiment analysis is class
imbalance, where certain sentiment categories are
disproportionately represented. To tackle this problem,
the Synthetic Minority Over-sampling Technique
(SMOTE) is used to enhance the representation of
underrepresented classes by generating synthetic
samples through linear interpolation within those classes
[9]. SMOTE has been shown to be effective in improving
model accuracy on imbalanced data, as demonstrated in
research related to analyzing user satisfaction with public
services [10]. In addition, various studies have applied
hyperparameter optimization using GridSearchCV to find
the optimal parameter combination to improve model
accuracy [11]. Nonetheless, additional studies are
required to assess the impact of combining SMOTE with
GridSearchCV  on enhancing sentiment analysis
performance, particularly with Twitter data.

Recent studies have emphasized the effectiveness of
machine learning algorithms for sentiment analysis on
social media platforms like Twitter. In analyzing tweets
related to the Indian farmer protests, the SVM model was
evaluated using two commonly applied feature extraction
methods: Bag of Words (BoW) and TF-IDF. The results
showed that SVM achieved an accuracy of 83.45% with
BoW, while its accuracy slightly dropped to 83.04% with
TF-IDF. These findings indicate that although SVM
performed well in sentiment classification, there is room
for improvement, especially when applying these feature
extraction techniques, particularly TF-IDF  [12].
Meanwhile, research on public awareness in Saudi Arabia
during the COVID-19 pandemic through Arabic tweets
showed that SVM combined with TF-IDF bigrams
achieved the best accuracy of 85%, outperforming KNN
which only reached 64% [13]. Another study involving
transformer-based ensemble models for sentiment
classification of Arabic dialects showed that SVM
integrated with TF-IDF and tuned via GridSearchCV
achieved an average accuracy of 85%, while XGBoost
performed less effectively with an accuracy of 76.2% [14].
Together, these studies emphasize the effectiveness of
combining TF-IDF with traditional machine learning
models like SVM and Random Forest for precise
sentiment classification in diverse linguistic and
contextual contexts. The consistent outcomes across
various languages and datasets demonstrate the
robustness of TF-IDF as a feature extraction technique.
Additionally, they suggest that careful tuning and
preprocessing can further improve model performance in
challenging sentiment analysis tasks.

The goal of this study is to implement and evaluate the
performance of machine learning algorithms—SVM,
Random Forest, and XGBoost—in sentiment analysis of
Twitter data, focusing on the Clash of Champions event
as a case study. To address data imbalance, the study
utiizes the SMOTE technique and employs
hyperparameter tuning through GridSearchCV to
enhance model accuracy. Additionally, this research
examines the impact of two feature extraction techniques,
TF-IDF and Bag of Words (BoW), on sentiment analysis.
Consequently, the outcomes of this study aim to provide
a deeper understanding of the best methods for
performing sentiment analysis on the Twitter platform.

Therefore, this research contributes as follows: 1)
comparison of three algorithms namely SVM, Random
Forest, and XGBoost to determine the best model, 2)
Assessment of two feature extraction methods, TF-IDF
and BoW, to enhance classification accuracy, 3)
application of SMOTE to handle data imbalance, and 4)
hyperparameter optimization using GridSearchCV to
improve model performance. The collected Twitter
dataset has gone through preprocessing, resampling, and
division of training and testing data. The model was
subsequently trained and fine-tuned using different
parameter settings to enhance accuracy. Furthermore,
this study introduces an evaluation framework to assess
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the influence of feature extraction methods and
algorithms on sentiment analysis performance.

This study is organized as follows: Section Il discusses
the dataset used, research methods, and model training
and testing stages. Section Il presents the sentiment
analysis results, including a comparison of the
performance of the algorithms used. Section IV discusses
the interpretation of the results, comparison with previous
research, and limitations of this study. Finally, Section V
contains conclusions that summarize the objectives, key
findings, and recommendations for future research.

2. MATERIALS AND METHOD

This research compares Term Frequency-Inverse
Document Frequency (TF-IDF) and Bag of Words (BoW)
feature extraction methods using SVM, Random Forest,
and XGBoost methods. The research methodology
consists of several stages. First, dataset collection using
web scraping technique with the keyword “Clash of
Champions”. Next, manual labeling of tweets,
preprocessing, data splitting, data resampling, model
evaluation, and comparative analysis of results are
performed. The research flowchart can be seen in Fig. 1.

Data Labeling

Owersampling
Data Splitting

Hyperparameter
Tuning

v h 4

Feature Extraction Feature Extraction
TF-IDF Bag of Words

b l
SVM Algorithm Random Forest XGBoost Algorithm
Implementation

Algorithm Implementation
Implementation e

| 1 |

Model Evaluation
Result Analysis and
Comparison

Fig. 1. Research Flowchart for Clash of Champions
Sentiment Analysis with Machine Learning.

A. Dataset

This research utilizes a dataset collected from social
media Twitter/X using web scraping techniques. The
dataset consists of 1,000 tweets related to the “Clash of
Champions” event, collected over a period of two weeks
using the main keyword “Clash of Champions” as well as
related hashtags such as #ClashOfChampions and
#CoC. This dataset consists of 15 features, Vviz:
conversation_id_str, created_at, favorite_count, full_text,
id_str, image_url, in_reply_to_screen_name, lang,
location, quote_count, reply_count, retweet_count,
tweet_url, user_id_str, and username.

B. Data Labeling

The dataset was manually labeled to classify the
sentiment conveyed in each tweet. During this process,
each tweet was assigned to one of two sentiment
categories: positive or negative. Tweets expressing
favorable opinions—such as excitement, support, or
praise for the event—were categorized as positive, while
those indicating dissatisfaction, criticism, or negative
emotions were labeled as negative [15].

The manual annotation was necessary to capture the
informal language, sarcasm, and contextual nuances
often found in Twitter posts, which automated tools may
overlook. An example of the annotated data can be found
in Table 1, with the sentiment class distribution presented
in Fig. 2. Consistent annotation guidelines were adhered
to throughout the process to maintain the accuracy and
reliability of the labels, even though the task was carried
out by a single annotator. This careful approach aimed to
maintain the integrity of the dataset for further sentiment
analysis tasks. The annotator relied on contextual
understanding and prior knowledge of the event to
interpret the sentiment accurately. Tweets that contained
ambiguous or mixed sentiments were carefully reviewed
before assigning a final label. Although the annotation
was done individually, efforts were made to remain
objective and consistent throughout the labeling process.
The final labeled dataset serves as a crucial foundation
for training and evaluating sentiment classification
models.

Sentiment Distribution in Dataset

800 4

Count

400

200

positif negatif
Sentiment

Fig. 2. Research Flowchart for Clash of Champions
Sentiment Analysis with Machine Learning.
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Table 1. Clash of Champions-related Tweet Data with Sentiment and Interaction Information.

No conversation_ created_  favorite
. - full_text label
id_str at count B
1 83054E+18 Mon Sep 11 Guys gue jujurly terharu bgt sama kalian kalian positive
02 yg udah donasi dan adopsi i,[] benar clash of
09:38:11 champions ini membawa dampak positif dan
+0000 memotivasi banyak orang untuk melakukan
2024 kebaikan i,
2 83016E+18 Mon Sep 0 Tapi dari abis nonton clash of champions ini positive
02 aku jadi lebih berambisi untuk mencapai
01:21:42 mimpiku dan menjadi champion di
+0000 bidang aku sendiri
2024
999 82258E+18 Sun Aug 1 Nonton clash of champion tuh bukan cuma positive
11 penasaran sama pesertanya yg knp pinter2 bgt
10:34:52 tapi juga penasaran sama gimana cara orang
+0000 tua ngedidik anaknya bisa sampe pinter kaya
2024 gitu. Nonton coc tuh sambil berdoa yaAllah
semoga anak hamba bisa kaya mereka juga.
Jad emaknya yg ambis
1000 81814E+18 Tue Jul 0 Pengen Jadi Mereka Yang Ada Di Clash of positive
30 Champions? Siapa yang gak pengen jadi
04:09:00 jagoan kayak para juara di Clash of
+0000 Champions? Ternyata selain latihan fisik
2024 makan makanan yang bikin otak sehat juga

penting banget loh! #clashofchampions #coc
#otaksehat https://t.co/YQoQ1WWoRv

C. Preprocessing

Preprocessing is a crucial stage in the sentiment analysis
workflow, designed to convert raw text data into a well-
structured and standardized format, making it appropriate
for feature extraction and model training [16]. This stage
plays a crucial role in normalizing text and eliminating
irrelevant or noisy elements that may compromise model
performance. Through this process, textual data is filtered
and refined to retain only semantically meaningful
content, thereby reducing redundancy in the vocabulary
and improving the overall effectiveness of feature
extraction. The preprocessing steps applied in this study
consist of the following, with an example of the processed
text data provided in Table 2.

1. Data Cleaning

At this stage, the dataset is cleaned by removing
unnecessary attributes, so that only the “text” and “label”
columns are retained for analysis purposes. In addition,
the text is cleaned by removing HTML tags, punctuation
marks, numbers, as well as other special characters.

2. Case Folding
Case folding involves transforming all alphabetic
characters into lowercase to ensure consistency and

minimize redundancy in text representation (e.g., "Event"
and "event") [17].

3. Tokenization

Tokenization involves breaking down a sentence into
smaller, meaningful units known as tokens, which usually
represent individual words. This segmentation is typically
done by using spaces and punctuation marks, like
commas or periods, to allow for the separate analysis of
each word in later processing steps [18].

4. Stopword Removal

Stopword removal is the process of removing frequently
occurring words like “and,” “the,” or “is,” which appear
often in text but provide little meaningful value for the
analysis [19].

5. Stemming

Stemming involves simplifying words to their base or root
form by removing prefixes or suffixes attached to the
beginning or end of the word. This step is applied after
stopword removal to further standardize the text and
minimize vocabulary variation. In this study, stemming is
implemented using the Sastrawi library in Python, which
is specifically designed for processing texts in the
Indonesian language [20].
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Table 2. Results of Preprocessing Text Data for
Sentiment Analysis on Clash of Champions Tweets.

Preprocessing Results
Basic Sentence Clash Of Champions bukan
hanya ajang kompetisi

antara mahasiswa tetapi juga
menghibur, memotivasi dan
inspirasi untuk banyak orang
dan juga mengajarkan apa
itu arti persahabatan.
Terimakasih untuk para cast
CoC dan Tim Ruang Guru
kalian luar biasa #ruanguru

#ThankYouCoC
Data Cleaning Clash Of Champions bukan
hanya ajang kompetisi

antara mahasiswa tetapi juga
menghibur memotivasi dan
inspirasi untuk banyak orang
dan juga mengajarkan apa
itu arti persahabatan
Terimakasih untuk para cast
CoC dan Tim Ruang Guru
kalian luar biasa ruanguru

ThankYouCoC
Case Folding clash of champions bukan
hanya ajang  kompetisi

antara mahasiswa tetapi juga
menghibur memotivasi dan
inspirasi untuk banyak orang
dan juga mengajarkan apa
itu arti persahabatan
terimakasih untuk para cast
coc dan tim ruang guru kalian

luar biasa ruanguru
thankyoucoc

Tokenization [clash', 'of, ‘'champions',
'bukan', ‘'hanya', ‘'ajang',
'kompetisi', 'antara’,
'mahasiswa’, 'tetapi', 'juga’,
'menghibur’, 'memotivasi’,
'dan', 'inspirasi', 'untuk’,
'banyak’, 'orang', 'dan’, 'juga’,
'mengajarkan’, ‘'apa', 'itu',
‘arti’, 'persahabatan’,
'terimakasih', 'untuk', 'para’,
‘cast', 'coc', 'dan', 'tim',
'ruang', 'guru’, 'kalian', 'luar’,
'biasa’, 'ruanguru’,
'thankyoucoc']

Stopword Removal [clash', 'of, ‘'champions',
'ajang', 'kompetisi', 'antara’,
'mahasiswa’, 'menghibur’,
'memotivasi’, 'inspirasi',
'banyak’, 'orang’,
'mengajarkan’,

‘arti',
'terimakasih’,
'tim', 'ruang’,
'‘guru’, "luar’, 'biasa’,
'ruangury’, 'thankyoucoc']
[clash', ‘'of', ‘'champion',
'ajang’, 'kompetisi', 'antara’,
'mahasiswa’,

'hibur', 'motivasi', 'inspirasi',
'banyak’, 'orang', 'ajar', ‘arti',

'persahabatan’,

‘cast', 'coc',

Stemming

'sahabat’, 'terima’', ‘'kasih',
‘cast', 'coc', 'tim', 'ruang',
'gurd’,

'luar', 'biasa', ‘ruanguru’,
'thankyoucoc']

D. Oversampling

Oversampling is a frequently employed method to
address class imbalance, a situation where the
distribution of class labels in a dataset is significantly
skewed. In these situations, the learning process tends to
favor the majority class, while the minority class, due to its
lower representation, may be mistakenly identified as
noise or outliers. By applying oversampling, the class
distribution in the dataset can be balanced to better reflect
the analysis goals, enabling the model to learn more fairly
across all classes and, as a result, generate more precise
and dependable predictions [21].

1. Synthetic Minority Over-sampling Technique
(SMOTE)

The Synthetic Minority Over-sampling Technique
(SMOTE) is a popular approach used to tackle class
imbalance by creating synthetic examples for the minority
class. This method seeks to establish a more even
distribution between the majority and minority classes,
improving the model's capacity to learn from the less-
represented data without merely replicating existing
samples [22].

Sentiment Distribution Before SMOTE (Train Set) Sentiment Distribution After SMOTE (Train Set)

6001 600

500 1 500

w400 {

300 1 300

200 1 200

100 1 100

pﬂsllrf neiarwf pai‘m" regatif
Sentiment Sentiment

Fig. 3. Sentiment Distribution on Clash of Champions
Tweets before and after Using SMOTE.
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In this study, the sentiment variables targeted for
classification were found to have an unbalanced
distribution. As shown in Fig. 3, before applying the
SMOTE (Synthetic Minority Over-sampling Technique)
method, the amount of data with positive sentiment was
significantly greater than that with negative sentiment.
This imbalance can result in a model that excels at
detecting the majority class but has difficulty correctly
identifying instances of the minority class.

It is a positive approach that this study applies
SMOTE, a widely used oversampling technique designed
to generate synthetic examples of the minority class
rather than simply duplicating existing samples. This
technique was chosen specifically for its effectiveness in
improving classifier performance in datasets with high
class imbalance. SMOTE works by locating the k-nearest
neighbors of an instance from the minority class and
creating new synthetic samples along the line segments
connecting the original point and its neighbors, thus
enhancing the feature space with varied yet plausible
samples.

Before applying SMOTE, the dataset consisted of
approximately 700 positive sentiment samples and only
about 100 negative ones. This disproportionate ratio could
potentially bias the model toward the majority class. After
the application of SMOTE, the distribution became more
balanced, with both positive and negative sentiment data
totaling nearly 700 each, as shown in the right part of the
figure.

The choice to implement SMOTE was driven by its
effectiveness in tackling class imbalance by offering the
classifier a more comprehensive representation of the
minority class, thus improving generalization. Balancing
the data is essential for improving the fairness and
accuracy of the sentiment classification model. It helps
prevent overfitting to the majority class while enhancing
the model's capacity to learn from and generalize across
the minority class. Consequently, the model is better
positioned to deliver predictions that are both accurate
and fair across different sentiment categories.

E. Split Data

Data splitting is the process of dividing the dataset into
two primary subsets: the training data and the testing
data. The training set is used to develop and fine-tune the
classification model, while the testing set is used to
assess the model’s performance on new, unseen data,
ensuring its capability to generalize well [22][23]. In this
study, the dataset was divided in an 80/20 ratio, with 80%
of the data (800 entries) used for training and 20% (200
entries) set aside for testing. This ratio was chosen
because it provides a sufficient amount of data for the
model to learn meaningful patterns while still preserving a
reasonable portion for unbiased performance evaluation.
Using a larger training set helps in building a more robust
model, especially when the dataset is relatively small.

To improve the reliability of model evaluation, k-fold
cross-validation was incorporated during the training
process. In this technique, the training data is divided into

k subsets (or folds), and the model is trained and validated
k times, with each fold serving as the validation set once,
while the other folds are used for training. This method
helps mitigate the risk of overfitting and ensures that the
model's performance is not overly reliant on any single
subset of data. By combining an 80/20 data split with k-
fold cross-validation, the study ensures a balanced
approach to both model training and evaluation, thereby
enhancing the robustness and generalizability of the final
classification model.

F. Feature Extraction

Feature extraction is an essential step in the text
classification process, where processed text data is
converted into numerical formats that can be used as
input for machine learning algorithms [24]. In this
research, the feature extraction methods used are Term
Frequency-Inverse Document Frequency (TF-IDF) and
Bag of Words (BoW), which function to calculate the
weight of each word based on its frequency in the
document to represent words as numerical vectors. TF-
IDF was chosen for its ability to assign weights to words
according to their relevance in the corpus. It diminishes
the impact of frequently occurring yet less informative
terms while enhancing the importance of less common,
more meaningful words. In the implementation of TF-IDF,
normalization is applied to ensure that the term weights
are well-scaled and comparable across different
documents. Meanwhile, Bag of Words provides a
straightforward frequency count of each word's
appearance within a document. Although it disregards
grammar and word order, BoW effectively captures the
distribution of words and serves as a strong baseline
method for various text classification tasks.

1. Term Frequency-Inverse Document Frequency
(TF- IDF)

Term Frequency-Inverse Document Frequency (TF-IDF)
is a word weighting technique in documents that works by
considering the number of occurrences of words in a
document as well as their distribution across documents
in a data set. This method alters the weight of each word
depending on its frequency in a document relative to its
occurrence across all documents [5]. The TF-IDF
calculation is made up of two key components: Term
Frequency (TF) and Inverse Document Frequency (IDF),
each having its own specific formula and purpose. These
two values are then combined to determine the final TF-
IDF score for each term in a document [25].

The first component, Term Frequency (TF), is measured
by the following formula:

fra

gD =g e
(1)

As shown on Eq. (1) [25], t is the term or word being
analyzed, while d refers to a particular document. The

Corresponding author: Triando Hamonangan Saragih, triando.saragih@ulm.ac.id, Department of Computer Science, Lambung Mangkurat

University, Jalan A. Yani Km 36, Banjarbaru 70714, Kalimantan Selatan, Indonesia.

DOI: https://doi.org/10.35882/ijeeemi.v7i2.81

Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is an
open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).

375


https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:triando.saragih@ulm.ac.id
https://doi.org/10.35882/ijeeemi.v7i2.81
https://creativecommons.org/licenses/by-sa/4.0/

Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

e-ISSN: 2656-8624

Homepage: https://ijeeemi.org/; Vol. 7, No. 2, pp. 370-386, May 2025

notation f:,d denotes the frequency of occurrence of term
t in document d. Meanwhile, > ,'ed f'.d represents the
total count of all terms in document d. TF reflects the
frequency of a word's occurrence in a document relative
to the total word count within that document. This
measure helps evaluate the significance of the word in
relation to the specific document.

The second component, Inverse Document Frequency
(IDF), is determined using the following formula:

N

)

In Eq. (2) [25], t refers to the analyzed term, D epresents
the collection of documents (corpus), and N is the total
number of documents in the corpus. Meanwhile,
|{deD:ted}| indicates the count of documents that contain
the term t. The IDF value reflects how rare or unique a
term is within the corpus; the fewer the number of
documents that include the term, the higher its IDF value.

The combination of these two components results ina TF-
IDF score, which is calculated using the formula:

tfidf (t,d,D) = tf(t,d) x idf (¢, D)
3)

Finally, Eq. (3) shows the calculation is the result of
multiplying the TF and IDF values [25]. The TF-IDF value
ranges from 0 to 1, with a higher value indicating that the
word is more relevant to a specific document [26] [27].

2. Bag of Words (BoW)

Bag-of-Words (BoW) is a basic technique for converting
text into fixed-length vectors based on the frequency of
words, disregarding the order and grammatical structure
of the words [5]. This approach ignores the sequence and
grammatical structure of words, concentrating only on
whether terms appear or how often they occur within the
text. Typically, the process involves building a vocabulary
from the dataset, cleaning the text by removing
punctuation and special characters, constructing a matrix
that links documents to terms, and generating feature
vectors that represent term frequency. Its popularity stems
from its straightforward implementation and reliable
performance in transforming text into a usable format for
machine learning applications.

The Bag of Words (BoW) model ignores the context
and order of words within a text. It treats each word
occurrence independently without considering the
relationship between words. As a result, BoW struggles to
capture the semantic meaning of a text. However, it
continues to be widely adopted because of its simplicity,
ease of implementation, and effectiveness in various
applications [28][29]. In mathematical notation BOW can
be represented if d is a document and v is a set of words
or vocabulary from the entire document which will be
represented in Eq. (4).

BoW(d) = [count(wl,d),count(w2,d ... count(wn,d)]

(4)

As shown on Eq. (4) count(wi, d) is the number of
occurrences of word wi in document d. while n is the
number of words in V.

G. Hyperparameter Tuning

Hyperparameter tuning is an optimization process that
aims to find the most optimal parameter values by first
specifying a list of parameters to be tuned along with their
value ranges. This is achieved by defining a set of
hyperparameters along with their respective value
ranges, and then systematically evaluating different
combinations to determine the configuration that yields
the best performance [30]. At this stage, hyperparameter
adjustment is performed using the grid search method,
which serves to test various parameter combinations and
determine the configuration that produces the best
performance.

1. GridSearchCV

GridSearchCV is a method provided by the scikit-learn
library for performing exhaustive hyperparameter tuning
by evaluating all possible combinations of specified
parameter values [31]. This process involves training and
validating a model for each configuration using cross-
validation, thereby identifying the parameter set that
yields the best performance [32]. In this study,
GridSearchCV is employed for model training and
hyperparameter selection, as illustrated in Fig. 4 [11].

The hyperparameter tuning process involved testing
several algorithms, with the Support Vector Machine
(SVM) model evaluated using parameters such as C ([0.1,
1, 10]), gamma ([1, 0.1, 0.01]), and kernel types (['linear’,
'rbf']). These parameters were specifically chosen to
adjust the complexity of the decision boundary, ensuring
the model could generalize well on new, unseen data.
This process also helps to avoid overfitting while
maximizing the model's performance. The best
configuration for the Bag of Words representation was
determined to be C=10, gamma=1, and a 'linear' kernel,
achieving an accuracy of 0.89. For the TF-IDF
representation, the optimal setting was found to be C=10,
gamma=1, and the 'rbf' kernel, leading to an accuracy of
0.97.

In Random Forest algorithm, the optimized parameters
include n_estimators ([50, 100, 200]), max_depth ([10, 20,
30, None]), min_samples_split ([2, 5, 10]), and min_sam
ples_leaf ([1, 2, 4]). For Bag of Words representation the
best configuration is n_estimators=200, max_depth=Non
e, min_samples_split=2, and min_samples_leaf=1  with
an accuracy of 0.90. While in TF-IDF, the
optimal configuration is n_estimators=200, max_depth=3
0, min_samples_split=2, and min_samples_leaf=1resulti
ng in an accuracy of 0.96.
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Fig. 4. Hyperparameter Tuning with GridSearchCV for Machine Learning Model Optimization.

Meanwhile, in XGBoost, the parameters tested were
n_estimators ([50, 100, 200]), max_depth ([3, 6, 9]),
learning_rate ([0.01, 0.1, 0.2]), and subsample ([0.8, 1.0]).
The optimization resulted in the best configuration for Bag
of Words which is learning_rate=0.01, max_depth=3,
n_estimators=200, and subsample=1.0 with an accuracy
of 0.89. In TF-IDF, the best configuration is
learning_rate=0.01, max_depth=6, n_estimators=200,
and subsample=1.0, with an accuracy of 0.91.

Explicit description of the tested parameters and their
impact on model accuracy is helpful in understanding how
the hyperparameter optimization process through
GridSearchCV  can significantly improve  model
performance. The parameters applied in GridSearch for
each algorithm are displayed in Table 3.

Table 3. Comparison of GridSearchCV-Based
Hyperparameter Optimization for Various Algorithms
and Text Representations.

Best

Parameter
C=10,
gamma=1,
kernel='linear'
C=10,
gamma=1,
kernel="rbf'
n=200,
depth=None,
split=2, leaf=1
n=200,
depth=30,
split=2, leaf=1
Ir=0.01,
depth=3, n=200,
subsample=1.0
Ir=0.01,
depth=6, n=200,
subsample=1.0

Feature

Algorithm Extraction

BoW
Support Vector
Machine

TD-IDF

BoW

Random Forest
TD-IDF

BoW

XGBoost
TD-IDF

H. Machine Learning Model

Machine learning, a key area within artificial intelligence,
allows systems to analyze data using algorithms and
make decisions by recognizing patterns in the data [33].
The learning process generally involves two main stages:
training and testing. This approach focuses on creating
algorithms that can enhance their performance by
learning from data and experience. Machine learning is
commonly divided into three primary categories:
supervised learning, unsupervised learning, and
reinforcement learning.

In this research, a range of machine learning
algorithms are chosen for their demonstrated success in
text classification tasks. The Support Vector Machine
(SVM) is utilized because of its strong performance in
high-dimensional spaces, making it especially effective for
sparse text data [33]. Random Forest is selected for its
strength in handling intricate data structures and its
capacity to reduce overfitting by combining predictions
from several decision trees [35]. Furthermore, Extreme
Gradient Boosting (XGBoost) is employed due to its
computational efficiency and exceptional accuracy,
particularly in large-scale and highly competitive machine
learning contexts [7].

1. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a commonly employed
advanced machine learning technique [7]. In machine
learning, SVM is a supervised learning model that
processes data using related learning techniques. A well-
functioning SVM can classify data into distinct categories
by identifying the boundary that separates the classes.
These dividing lines are designed to reduce error by
creating a maximum distance between the boundary and
the class. SVM uses a hyperplane as a separator between
classes, which is of three types: optimal, negative, and
positive. The mathematical equations of each type of
hyperplane are presented in Table 4. This ability to
classify data accurately makes SVM a valuable tool in
machine learning.
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Table 4. Equations and Types of Hyperplane in
Support Vector Machine (SVM).

Equation Hyperplane Type
wW.X+b=1 positive
w.xX+b=-1 negative
wW.X+b=0 optimal

Shown in Table 4, w represents the margin width, x
represents the bias, dan b is the feature.

In order for the model to obtain an optimal hyperplane,
the margin width should be enlarged as much as possible.
By utilizing a kernel function that projects the data into a
higher-dimensional space, the algorithm becomes
capable of addressing non-linear classification tasks more
effectively. Commonly used kernels include the linear
kernel and the Radial Basis Function (RBF) kernel [33].

2. Random Forest

Random Forest builds an ensemble of decision trees by
randomly selecting splits and using bootstrap samples
drawn with replacement from the training data. It
represents a variant of the bagging technique, where
class probabilities are determined by the proportion of
votes cast by all trees within the ensemble [7][35]. The
structural design of the Random Forest algorithm is
illustrated in Fig. 5 [37].

Training dataset D
l Random
| ] | }
D, D, Dy, Dy |
ir /i T, .} T, i Ty
\.‘1 ‘ . 1 p .
FETE "R :.\. /-}a ,q'{}‘._
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17, 17 | ¥t i
VitV + et

k

Fig. 5. Ensemble Process in Random Forest
Algorithm Architecture for Accurate Prediction.

3. Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is an ensemble-
based approach that builds a powerful classifier by
combining several decision tree models using gradient
boosting techniques [7]. Unlike traditional boosting
approaches, XGBoost incorporates a regularization
component in its objective function to manage model
complexity, prevent overfitting, and enhance

generalization performance. The structure of each
decision tree is optimized through a greedy algorithm that
evaluates all possible feature split points [34]. The
algorithm selects the split that maximizes the gain in the
objective function relative to a single leaf node, while
applying a threshold to prevent excessive tree depth. The
objective function and complexity formula in XGBoost are
shown in Eq. (5) and Eq. (6).

m T
06" = 3" LruF )+ ) 0(g)
i=1 k=1

®)

As shown on Eq. (5) [37], the total objective function at
iteration r consists of two main components. The variable
m denotes the total number of training instances utilized.

The initial component L(yi,ﬁ(”), represents the loss
function that measures the discrepancy between the true

value yi and the predicted value 32(’) at iteration r.
Meanwhile, (g,) serves as the regularization term,
assessing the complexity of the model within the k-th
decision tree. This function is designed to balance
predictive accuracy and model complexityThe algorithm
incrementally adds decision trees throughout the training
process to minimize the risk of overfitting and enhance the
model’s ability to generalize effectively to new, unseen
data.

L Z
0(g,) =yT +§AZ w?
J

(6)

In Eq. (6) [37], defines the regularization function,
where T denotes the total number of leaves in a decision
tree. The variable wj represents the weight of the j-th leaf,
while y serves as a penalty parameter applied to the
number of leaves in the tree. Additionally, A is a
regularization coefficient used to control the magnitude of
the weights in each leaf. The parameter y is responsible
for limiting tree growth to prevent excessive complexity,
whereas A helps stabilize the leaf weights. With these two
components, XGBoost is able to produce models that are
not only powerful in prediction but also efficient and robust
against overfitting.

XGBoost evaluates the complexity of the model by
considering the conventional error function. This
algorithm divides the decision tree based on its level or
depth. Each tree determines the optimal branches,
relevant features, as well as the best threshold values.
The growth of the tree structure occurs gradually through
an iterative splitting process [38][39].

I. Evaluation

In this study, model performance is assessed using
several evaluation metrics, including Area Under the

Corresponding author: Triando Hamonangan Saragih, triando.saragih@ulm.ac.id, Department of Computer Science, Lambung Mangkurat

University, Jalan A. Yani Km 36, Banjarbaru 70714, Kalimantan Selatan, Indonesia.

DOI: https://doi.org/10.35882/ijeeemi.v7i2.81

Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is an
open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).

378


https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:triando.saragih@ulm.ac.id
https://doi.org/10.35882/ijeeemi.v7i2.81
https://creativecommons.org/licenses/by-sa/4.0/

Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

e-ISSN: 2656-8624

Homepage: https://ijeeemi.org/; Vol. 7, No. 2, pp. 370-386, May 2025

Curve (AUC), Accuracy, Precision, Recall, and F1-Score.
These metrics offer a well-rounded evaluation of how
effectively the model performs sentiment classification.
Utilizing multiple evaluation criteria provides deeper
insights into various performance dimensions. For
example, while Accuracy reflects the overall proportion of
correct predictions, Precision and Recall help examine
the trade-off between false positives and false negatives.
The F1-Score, which harmonizes Precision and Recall
into a single metric, is particularly valuable when dealing
with imbalanced datasets.

The selection of evaluation metrics like Accuracy,
AUC, Precision, Recall, and F1-Score is crucial for
understanding model performance. The methodology
section details how each metric is computed, all chosen
to assess different performance aspects. These metrics
are derived from the confusion matrix, which compares
the model's predictions with the actual class labels. The
matrix includes four key components: True Positives (TP),
True Negatives (TN), False Positives (FP), and False
Negatives (FN). By analyzing these metrics, researchers
ensure the model's consistent performance across criteria
and reduce potential bias from using a single metric.

AUC: AUC evaluates the effectiveness of a model by
measuring the area under the Receiver Operating
Characteristic (ROC) curve, which represents the trade-
off between the True Positive Rate and the False Positive
Rate across different threshold settings. The AUC score
ranges from 0 to 1, with higher values indicating stronger
model performance. A visual representation of the AUC
curve is presented in Fig. 6 [40].
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Fig. 6. lllustration of AUC Curve for Classification
Model Performance Evaluation.

Accuracy: Indicates how closely the model's predictions
align with the actual outcomes and is computed using the
formula provided in Eq. (7) [15]:

TP+TN
TP+TNFP+FN

Accuracy = (7)
Precision: Indicates the model's ability to accurately

classify positive instances among all instances predicted

as positive. The formula for calculating precision is
presented in Eq. (8) [41]:

TP (8)

TP+FP

Precision =

Recall: Recall reflects the model’s effectiveness in
identifying all actual positive instances. The formula used
to compute recall is shown in Eq. (9) [41]:

Recall = —— 9)

TP+FN
F1-Score: represents the harmonic average of precision
and recall, offering a balanced evaluation of both metrics,
particularly useful when dealing with imbalanced
datasets. The formula for F1-Score is provided in Eq. (10)
[41]:

TP
1= TP+0.5(FP+FN) (10)
Description:
TP = The count of correctly predicted positive
instances.
TN = The number of correctly identified negative
instances.
FP = The number of negative instances that were
incorrectly predicted as positive.
FN = The number of positive instances that were

incorrectly classified as negative.

Utilizing the confusion matrix to derive these metrics
offers not only a numerical assessment of the model’s
performance but also enhances the interpretability of the
results in a more insightful manner.

3. RESULTS

This section presents the evaluation of three classification
algorithms—Support Vector Machine (SVM), Random
Forest, and Extreme Gradient Boosting (XGBoost)—
using two feature extraction techniques, Term Frequency-
Inverse Document Frequency (TF-IDF) and Bag of Words
(BoW), for sentiment analysis on Twitter regarding the
Clash of Champions event. The study aims to assess the
effectiveness of combining these classification algorithms
with the feature extraction methods to achieve optimal
performance.

To address data imbalance, the Synthetic Minority
Over-sampling Technique (SMOTE) was applied.
Additionally, hyperparameter tuning was performed using
GridSearchCV to enhance model accuracy. Performance
evaluation was conducted based on multiple metrics,
including accuracy, precision, recall, F1-score, and the
Area Under the Curve (AUC) of the Receiver Operating
Characteristic (ROC) curve, to measure the effectiveness
of each combination of algorithm and feature extraction
technique in sentiment classification. This comprehensive
evaluation ensures that the model's performance is robust
and reliable across various evaluation criteria.
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Table 5. Performance Matrix Results of Classification Models in Twitter Sentiment Analysis with TF-IDF and

Bag of Words Feature Extraction Techniques.

Performance Matrix

Model Feature Extraction
Accuracy Precision Recall F1-Score AUC

TF-IDF 0.89 0.88 0.89 0.88 0.86
SVM

Bag of Words 0.81 0.87 0.81 0.83 0.77

TF-IDF 0.91 0.91 0.91 0.91 0.90
Random Forest

Bag of Words 0.83 0.90 0.83 0.85 0.86

TF-IDF 0.90 0.91 0.90 0.90 0.91
XGBoost

Bag of Words 0.90 0.91 0.90 0.90 0.86

As seen in Table 5, the findings indicate that the Random
Forest model with TF-IDF achieved the highest accuracy
of 0.91, suggesting that it had the lowest misclassification
rate compared to the other models. Furthermore, the
XGBoost model with TF-IDF recorded the highest AUC
score of 0.91, demonstrating its superior ability to
distinguish between positive and negative sentiments.
Although the SVM model with TF-IDF attained a slightly
lower accuracy of 0.89, it still exhibited competitive
performance in sentiment classification.

Overall, TF-IDF outperformed BoW in improving
classification accuracy. Models utilizing BoW generally
exhibited lower accuracy, with the highest accuracy being
0.90 in the XGBoost model, while other models yielded
lower values. These results indicate that TF-IDF is more
effective in extracting meaningful features from text than
BoW, particularly in sentiment analysis on this dataset.

Evaluation of performance metrics, including
precision, recall, and F1-score, revealed that the Random
Forest and XGBoost models achieved more balanced and
stable performance compared to SVM. The Random
Forest model with TF-IDF attained precision, recall, and
F1-score values of 0.91, signifying its consistency in
correctly identifying positive and negative sentiments.
Additionally, the XGBoost model with TF-IDF
demonstrated strong classification ability, achieving an
accuracy of 0.90 and the highest AUC of 0.91. Although
the SVM model with TF-IDF obtained an accuracy of 0.89,
it still performed effectively in sentiment classification.
These findings underscore the significance of selecting
appropriate  feature  extraction techniques and
classification algorithms for enhancing sentiment analysis
performance on social media data.

As shown in Fig. 7, This study evaluated the
performance of classification models by testing three
algorithms—SVM, Random Forest, and XGBoost—paired
with two feature extraction methods: TF-IDF and Bag of
Words (BoW). A bar chart presents five key evaluation
metrics—accuracy, precision, recall, F1 score, and

AUC—for each model-feature extraction combination.
Overall, the results indicate that models using the TF-IDF
technique generally outperform those using BoW across
most metrics. Specifically, the Random Forest model with
TF-IDF achieved the highest accuracy and F1 score,
while XGBoost with TF-IDF achieved the highest AUC.
These results highlight the importance of selecting
suitable feature extraction methods, such as TF-IDF, to
enhance model performance in sentiment analysis tasks.

Performance Metrics Comparison of Classification Models (TF-IDF vs Bag of Words)

Metrics
BN Accuracy
W Precision

Scores

Models and Feature Extraction Methods

Fig. 7. Performance Comparison of SVM, Random
Forest, and XGBoost Models with TF-IDF and Bag of
Words Feature Extraction Techniques.
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4. DISCUSSION

This study emphasizes the critical role of choosing the
right feature extraction techniques and classification
algorithms in sentiment analysis tasks. The Term
Frequency-Inverse Document Frequency (TF-IDF)
method consistently outperformed the Bag of Words
(BoW) technique across all models, highlighting its
superior capacity to capture the significance and
contextual meaning of words. Among the classifiers, the
Random Forest model with TF-IDF achieved the highest
accuracy of 91%, showcasing the effectiveness of
ensemble methods in detecting complex patterns in text
data. On the other hand, the XGBoost model attained the
highest AUC score of 0.91, demonstrating its ability to
accurately differentiate sentiment classes, even in
datasets with imbalances or noise.

A more detailed analysis of the performance metrics
reinforces these conclusions. In addition to high accuracy,
the models demonstrated well-balanced precision, recall,
and F1-scores. For example, the SVM model with TF-IDF
achieved a recall of 0.90, precision of 0.88, and an F1-
score of 0.89. These results highlight the model's effective
management of classification errors, such as false
positives and false negatives, which is particularly
important when working with imbalanced class
distributions in public opinion analysis.

Table 6. Comparison of Performance Metrics in
Sentiment Analysis Models.

Study Method & Model AC‘Z};:;\Cy
Gupta et al. SVM + BoW 83.45%
[12] SVM + TF-IDF 83,04%
Aljameel et al. SVM + TF-IDF 85%
(3] KNN + TF-IDF 64%
Mansour etal. SVM* TF-IDF 85%
[14] XGBoost + TF-IDF 76.20%
SVM + BoW 81%
SVM + TF-IDF 89%
Random Forest +

This Study BoW 83%

(2025) Random Forest + o
TF-IDF 91%
XGBoost + BowW 90%
XGBoosst + TF-IDF 90%

When compared to previous studies, the results of this
research show a consistent improvement in sentiment
classification performance. Gupta et al. [12] reported that
Random Forest achieved the highest accuracy of 96.62%

with BoW and 95.51% with TF-IDF, while SVM performed
lower with 83.45% (BoW) and 83.04% (TF-IDF). Aljameel
et al. [13] demonstrated that SVM with TF-IDF achieved
85% accuracy, outperforming KNN which only reached
64%. Similarly, Mansour et al. [14] showed that SVM with
TF-IDF obtained an accuracy of 85%, while XGBoost
performed lower at 76.20%. In this study, the combination
of Random Forest and TF-IDF produced the highest
accuracy at 91%, followed closely by XGBoost at 90%.
These results, as shown in Table 6, confirm that the
integration of effective feature extraction (TF-IDF), data
balancing (SMOTE), and algorithm optimization
(GridSearchCV) significantly contributes to improved
model performance in sentiment analysis tasks.

The research also reveals performance variability
across sentiment classes. The Random Forest model
demonstrated high accuracy in classifying positive
sentiments, with the fewest false negatives. Conversely,
XGBoost maintained consistent performance across all
sentiment types, particularly excelling in identifying
neutral sentiments, which are often linguistically
ambiguous. Although competitive, the SVM model
showed a higher tendency to misclassify positive
sentiments when using BoW, indicating its sensitivity to
the chosen feature representation method.

Regarding the BoW approach, the XGBoost model
delivered the best results, as reflected by a higher number
of true positives (162) and fewer false positives and
negatives. In contrast, the SVM model using BoW
produced more false negatives (30), indicating a higher
likelihood of misclassifying positive sentiments as
negative. The Random Forest model outperformed SVM
in this context by generating fewer false negatives. As
shown in Fig. 8, XGBoost was the top performer using
BoW. With the TF-IDF method, all models improved in
performance. The SVM model, for example, reduced its
false negatives to 9 and increased true positives to 165.
Likewise, the Random Forest model with TF-IDF saw
fewer classification errors than with BoW. XGBoost
maintained stable performance, consistently achieving
high true positives (162) and low error rates.

From a computational efficiency standpoint, each
model demonstrated distinct trade-offs. While Random
Forest delivered strong accuracy, it required more training
time and computational resources, making it less suitable
for real-time applications. XGBoost provided a balanced
solution, offering high performance with moderate training
time especially when hyperparameters were properly
tuned. In contrast, the Support Vector Machine (SVM)
showed faster training times but required careful
parameter selection to achieve competitive performance.

An analysis of misclassification cases also offered
valuable insights into the limitations of current
approaches. Errors were often found in tweets containing
sarcasm, slang, or implicit sentiments that frequency-
based methods like TF-IDF and BoW struggled to
capture. For instance, sarcastic remarks that appear
positive on the surface but convey negative meaning were
frequently misclassified. These findings highlight the need
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to explore more sophisticated contextual representation
techniques in future studies, such as Word2Vec, FastText,
or transformer-based models like BERT.

In terms of real-world applications, this study’s findings
show strong potential across various domains. In
business intelligence, accurate sentiment models can
help companies understand consumer perception and
respond proactively. In political monitoring, these models
can be used to track public opinion on key issues or
political figures in real time. In the context of social media
analytics, combining TF-IDF with ensemble algorithms
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like Random Forest and XGBoost has proven effective for
rapidly and accurately classifying public sentiment, thus
supporting data-driven decision-making across sectors.

Overall, this research demonstrates that optimizing the
combination of feature extraction techniques and
classification algorithms not only improves model
accuracy but also leads to a more adaptive, context-
aware approach to sentiment analysis. These findings lay
a solid foundation for future advancements in
sophisticated text analytics systems.
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Fig. 8. Confusion matrix for the classification models using different feature extraction methods. Subfigure
(a) shows the confusion matrix for SVM with TF-IDF, (b) represents Random Forest with TF-IDF, (c) displays
XGBoost with TF-IDF, (d) shows SVM with Bag of Words, (e) represents Random Forest with Bag of Words,

and (f) displays XGBoost with Bag of Words.
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5. CONCLUSION

The primary objective of this study was to evaluate the
effectiveness of three popular machine learning
classification algorithms—Support Vector Machine
(SVM), Random Forest, and Extreme Gradient Boosting
(XGBoost)—in analyzing sentiment from Twitter (X) data
related to the Clash of Champions event. In conjunction
with this, the research also aimed to compare two
prominent feature extraction techniques, Term
Frequency-Inverse Document Frequency (TF-IDF) and
Bag of Words (BoW), to determine their influence on
classification performance. The experimental findings
demonstrated that the combination of TF-IDF with the
Random Forest algorithm yielded the highest overall
performance, achieving an accuracy, precision, recall,
and F1-score of 91%, while the XGBoost model paired
with TF-IDF achieved the highest AUC score of 0.91 and
an accuracy of 90%. The SVM model with TF-IDF also
performed commendably, attaining an accuracy of 89%.
Conversely, models utilizing the BoW technique generally
performed less effectively, with accuracy ranging from
81% to 90%, underscoring TF-IDF’s superior capability in
capturing the semantic significance of textual data.
Moreover, the integration of the Synthetic Minority
Oversampling Technique (SMOTE) effectively addressed
class imbalance, and hyperparameter optimization using
GridSearchCV contributed to significant performance
improvements across all models. These results highlight
the critical importance of selecting the appropriate
combination of text representation methods and
classification algorithms for successful sentiment
analysis. For future work, it is recommended to
incorporate more context-aware and semantically rich
embedding techniques such as Word2Vec and FastText,
which could capture deeper linguistic nuances in social
media text. Furthermore, leveraging transformer-based
models like Bidirectional Encoder Representations from
Transformers (BERT) has the potential to significantly
enhance classification performance by capturing
contextual dependencies and subtle sentiment cues.
Expanding the dataset to include multilingual content or
data from various social media platforms may also
improve model generalizability and ensure broader

applicability across diverse domains and user
populations.
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