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Abstract:

The rapid development of artificial intelligence technology has encouraged users to actively express opinions on social
media platforms such as X and YouTube, including discussions on the use of ChatGPT as a learning support tool. This
study aims to analyze public sentiment toward the use of ChatGPT in learning contexts by comparing the performance of
the Naive Bayes and Support Vector Machine (SVM) classification methods. A total of 5,500 comments from platform X
and 5,543 comments from YouTube were collected through a crawling process using relevant keywords during the period
from January 2023 to December 2025. The data were preprocessed and labeled into three sentiment classes (positive,
negative, and neutral) using a lexicon-based approach with the INSET Lexicon. Feature extraction was conducted using
the Term Frequency-Inverse Document Frequency (TF-IDF) method, and the dataset was divided into training and testing
sets with an 80:20 ratio. Model performance was evaluated using accuracy, precision, recall, and F1-score. The results
show that the SVM classifier consistently outperformed the Naive Bayes method on both platforms. On platform X, SVM
achieved an accuracy of 76.67%, while Naive Bayes obtained 74.60%. On YouTube, SVM achieved an accuracy of
73.10%, significantly higher than Naive Bayes at 62.04%. These findings indicate that SVM is more effective for sentiment
analysis of social media data related to the use of ChatGPT in learning environments.

Keywords: Sentiment Analysis, Chat GPT, Naive Bayes, Support Vector Machine (SVM), Social Media.
1. Introduction

The rapid development of artificial intelligence (Al) has led to its widespread adoption across various domains,
including education [1]. In recent years, Al-based tools have increasingly been used to support learning activities by
assisting students in understanding course materials, completing assignments, and improving learning efficiency [2].
One prominent example is ChatGPT, an advanced language model developed by OpenAl that is capable of generating
human-like responses and providing explanations across diverse subject areas [3]. Previous studies have reported that
Al-powered educational tools can offer personalized learning support, although concerns related to ethics, academic
integrity, and data privacy remain significant challenges [4].

The growing use of ChatGPT in educational contexts has generated diverse public responses. On the one hand,
ChatGPT is perceived as a helpful tool that enables quick access to information and enhances students’ understanding
of learning materials [5]. On the other hand, concerns have been raised regarding students’ overreliance on Al, which
may reduce independent learning, critical thinking, and creativity [6]. These contrasting perceptions are frequently
expressed on social media platforms, where users openly share their opinions and experiences related to the use of Al
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tools in education [7]. As a result, social media data provide a valuable source for examining public sentiment toward
ChatGPT as a learning support tool.

Sentiment analysis has been widely applied to analyze public opinions expressed in textual data on social media
[8]. Machine learning methods such as Naive Bayes and Support Vector Machine (SVM) are among the most
commonly used classifiers for sentiment analysis tasks due to their effectiveness and computational efficiency [9].
However, most previous studies focus on single-platform datasets or general sentiment topics, while cross-platform
sentiment analysis related to the use of ChatGPT in educational contexts remains limited, particularly for datasets
derived from different social media platforms with distinct characteristics [10].

Based on this research gap, this study aims to compare the performance of Naive Bayes and Support Vector
Machine (SVM) in sentiment analysis of public opinions regarding the use of ChatGPT for learning on two social
media platforms, namely X and YouTube. Sentiment labeling is performed using the Indonesian INSET Lexicon, and
model performance is evaluated using accuracy, precision, recall, and F1-score metrics. Accordingly, the research
question addressed in this study is: Which classification method, Naive Bayes or SVM, demonstrates better
performance in analyzing sentiment toward ChatGPT usage for learning across different social media platforms? This
study contributes by providing empirical evidence on cross-platform sentiment characteristics and comparative
classifier performance in the context of Al-supported learning, thereby supporting the selection of appropriate machine
learning methods for educational data analysis.

2. Method

This study employs a comparative quantitative research design using text mining and machine learning approaches
to analyze user sentiment toward the use of ChatGPT as a learning support tool. The data consist of user comments
collected from social media platforms X and YouTube through a crawling process using keywords related to ChatGPT
and learning during the period from January 2023 to December 2025. A total of 5,500 comments were collected from
platform X and 5,543 comments from YouTube. The overall research workflow is illustrated in the flowchart
presented in Figure 1.

Crawling Data Preprocessing Data {Pc‘agisﬁilel_ﬁ;;rllhlr_: b:m%al)
Naive Bayes
Y
Split Data
. X Term Frequency-Inverse .
Confusion Matrix Document Frequenct (TF-IDF (Train D;;?:gg:;;"d Test
i Support Vektor Machine

Visualization

The collected data were subjected to a preprocessing stage to remove irrelevant elements, followed by sentiment
labeling using the Indonesian INSET Lexicon and feature weighting using the Term Frequency—Inverse Document
Frequency (TF-IDF) method. The labeled data were classified into three sentiment classes: positive, negative, and
neutral. The dataset was then divided into training and testing sets using an 80:20 ratio prior to the classification
process. Sentiment classification was performed using the Naive Bayes and Support Vector Machine (SVM) methods.
The performance of both methods was evaluated using a confusion matrix, from which accuracy, precision, recall,

Figure 1. Research Flow
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and F1-score were calculated. The results of both classifiers were subsequently compared to determine the best-
performing method for sentiment analysis across different social media platforms.

Data Selection

The data used in this study consist of user comments related to the use of ChatGPT as a learning support tool,
collected from social media platforms X and YouTube. Data collection was conducted through a crawling process
using keywords related to ChatGPT and learning, such as “ChatGPT for learning,” “ChatGPT education,” “ChatGPT
homework,” and their Indonesian equivalents. These keywords were applied uniformly across both platforms to ensure
consistency in data retrieval. The crawling process aimed to capture public discussions and opinions regarding the use
of ChatGPT in educational contexts. Data were collected during the period from January 2023 to December 2025.

Table 1. Data Volume After Crawling and Cleaning Stages

Category Platform X YouTube
Crawling Result 5,500 5,543
After Duplicate Remove 3,270 5,394
After Filtering Relevance 2,163 2,301

Based on the crawling process, a total of 5,500 comments were obtained from platform X and 5,543 comments
from YouTube. To ensure data quality and reproducibility, a structured and sequential data-cleaning procedure was
applied. The first step involved duplicate removal to eliminate repeated comments originating from reposts, retweets,
or identical content. The second step consisted of relevance filtering, in which comments unrelated to the use of
ChatGPT as a learning support tool were excluded. This filtering process removed spam content, promotional
messages, out-of-context discussions, and comments without explicit opinions related to learning or educational use
of ChatGPT. The relevance assessment was conducted based on keyword presence and contextual relevance to
learning activities.

After the data cleaning process, the final dataset consisted of 2,163 comments from platform X and 2,301
comments from YouTube. This gradual filtering process reduced noise in the dataset and ensured that the data used
in this study accurately represent user sentiment toward ChatGPT usage in learning environments, thereby supporting
the reliability and validity of subsequent sentiment analysis and classification results. A comparison of the data volume
before and after each data-cleaning stage is presented in Table 1.

Preprocessing

Preprocessing is an important step in this study that aims to prepare textual data before further analysis is
conducted. At this stage, raw and unstructured comment data are processed to become more organized and consistent.
The preprocessing process is carried out using Google Colaboratory by utilizing Python libraries that support text
processing [11]. All preprocessing steps are applied comprehensively to the research dataset to ensure that the data
are ready for the feature weighting and sentiment classification stages.

Comment data preprocessing is conducted prior to the classification process to prepare the data for sentiment
analysis. Through this stage, raw and diverse textual data are simplified to improve computational efficiency and
enable the classification model to perform more effectively. In addition, preprocessing aims to remove irrelevant
words or elements, standardize word forms and letter cases, and reduce the number of terms that do not contribute to
sentiment determination. In this study, the preprocessing stages include emoji conversion to transform emojis into
textual representations, case folding to convert all characters to lowercase, cleansing to remove unnecessary
characters, normalization to standardize word forms, tokenization to split text into word units, stopword removal to
eliminate common words with minimal sentiment relevance, and stemming to reduce words to their root forms [12],
[13]. All preprocessing steps are applied consistently to the research dataset to ensure that the data are ready for
subsequent analysis processes.
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InSet Lexicon Labeling

In this study, sentiment labeling was conducted using a lexicon-based approach with the Indonesian Sentiment
Lexicon (INSET), which is specifically designed to identify sentiment polarity in Indonesian-language text. The
INSET lexicon consists of sentiment-bearing words annotated with polarity scores, enabling automated sentiment
scoring without requiring manually labeled training data. During the labeling process, each comment was tokenized
and matched against the INSET dictionary. The polarity scores of all matched words were summed to obtain an overall
sentiment score for each comment. Based on this score, comments were classified into three sentiment categories:
positive (score > 0), negative (score < 0), and neutral (score = 0). This rule-based thresholding mechanism is widely
used in Indonesian sentiment analysis studies because it is transparent, reproducible, and suitable for large-scale social
media datasets where manual annotation is costly and time-consuming [14], [15].

Despite its practicality, lexicon-based sentiment labeling has inherent limitations, particularly in handling
contextual nuances such as negation, sarcasm, and implicit sentiment. Several recent studies emphasize that lexicon-
based methods may introduce noise when applied to informal social media text, but they remain effective when
combined with thorough preprocessing and appropriate feature extraction. Prior research on Indonesian sentiment
analysis demonstrates that the INSET lexicon provides reliable baseline sentiment labels and is frequently used to
support machine learning-based classification tasks. In this study, neutral sentiment labels were retained as a separate
class to preserve the natural distribution of user opinions regarding ChatGPT usage in learning contexts, thereby
supporting robust multiclass sentiment classification and fair model evaluation in subsequent stages [16].

TF-IDF

Term Frequency—Inverse Document Frequency (TF-IDF) is a feature-weighting method commonly used in text
mining and sentiment analysis to represent textual data in numerical form. TF-IDF measures the importance of a word
in a document by considering how frequently the word appears in that document and how rare it is across the entire
document collection. This approach helps reduce the influence of commonly occurring but less informative words,
while emphasizing terms that carry stronger semantic or sentiment information. Previous studies in Indonesian-
language sentiment analysis have shown that TF-IDF is effective for extracting discriminative features from social
media text and improving classification performance when used with traditional machine learning classifiers [17],
[18].

The TF-IDF weight for a term wi in a document d is calculated as follows:

TF * IDF = TF(wi, d) * IDF (wi) (1)
IDF(wi) = —~ 2
wt) = DF(wi) @

In this study, TF-IDF was applied after preprocessing and sentiment labeling to transform user comments into
numerical feature vectors for classification. This representation enables classifiers such as Naive Bayes and Support
Vector Machine to focus on sentiment-relevant terms while minimizing noise from non-informative words. Prior
research confirms that TF-IDF remains a reliable and efficient feature extraction technique for Indonesian social media
sentiment analysis tasks [19], [20].

Naive Bayes

Naive Bayes is a probabilistic classification algorithm based on Bayes’ theorem that estimates the probability of a
document belonging to a particular class. Despite assuming conditional independence among features, Naive Bayes
remains widely used in text classification due to its simplicity, computational efficiency, and strong performance on
high-dimensional textual data [21], [22].
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In this study, the Multinomial Naive Bayes (MNB) variant was employed, as it is particularly suitable for text data
represented using term frequency or TF-1DF features. MNB models word occurrence distributions within documents
and has been shown to be effective for sentiment classification of user-generated content [23]. The posterior
probability of a class Ci given an input document X is calculated as follows:

P(X|Ci).p(ci)

P(Ci|X) = P

®)

The neutral sentiment class was treated as an independent category and included in both the training and evaluation
stages to support multi-class sentiment classification. This approach prevents bias toward polarized sentiments and
allows the classifier to learn patterns associated with comments that do not express clear positive or negative opinions.
During evaluation, the neutral class was retained in the confusion matrix and performance metrics to ensure a fair and
comprehensive assessment of classification performance across all sentiment categories.

Support Vector Machine

Support Vector Machine (SVM) is a supervised learning algorithm widely used for text classification tasks due to
its ability to handle high-dimensional feature spaces, such as those generated by TF-IDF representations. SVM
operates by constructing an optimal hyperplane that maximizes the margin between classes in the feature space,
allowing the model to achieve good generalization performance on unseen data [24].

In sentiment analysis, SVM is frequently adopted because of its effectiveness in handling sparse and high-
dimensional textual data, as well as its competitive performance compared to other traditional machine learning
classifiers in text mining studies [25]. Its robustness makes SVM particularly suitable for classifying user-generated
content such as social media comments and online reviews.

In this study, a linear kernel SVM was employed to reduce model complexity while maintaining stable
classification performance, considering that the input features were derived from TF-IDF weighting. Key parameters,
including the kernel type and penalty parameter (C), were explicitly defined to improve method reproducibility. [24]
Furthermore, SVM was implemented in a three-class sentiment classification setting (positive, negative, and neutral),
where the neutral class was treated as an independent category during both training and evaluation to ensure a fair
multi-class assessment [26].

Confusion Matrix

Confusion Matrix is an evaluation tool used to measure the performance of classification models by comparing
predicted class labels with actual class labels. It provides a detailed breakdown of correct and incorrect predictions for
each class and is widely applied in text classification and sentiment analysis studies. Unlike simple accuracy metrics,
the confusion matrix enables a more comprehensive assessment of model behavior, especially in multi-class
classification scenarios where class imbalance may occur [27].

In multi-class sentiment classification, such as positive, negative, and neutral categories, the confusion matrix is
structured so that rows represent the actual sentiment classes and columns represent the predicted sentiment classes
generated by the model. Correct predictions appear along the diagonal of the matrix and are referred to as True
Positives (TP) for each respective class. Misclassified instances appear in the off-diagonal cells and are treated as
False Negatives (FN) for the corresponding actual class. This formulation allows clear evaluation of how well the
model distinguishes between sentiment categories and serves as the basis for calculating accuracy, precision, recall,
and F1-score in a multi-class setting [28].

Table 2. Confusion Matrix for Three-Class Sentiment Classification

Actual \ Predicted Positive Negative Neutral
Positive TP FN EN
Negative FN TP FN

Neutral FN FN TP
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Based on Table 2, the confusion matrix was applied to evaluate sentiment classification performance across three
sentiment classes. The neutral sentiment class was treated as an independent category and included consistently during
both training and evaluation stages. This approach ensures fair multi-class evaluation and prevents bias toward
dominant sentiment classes, which is particularly important in sentiment analysis of user-generated content where
neutral opinions naturally occur [29].

3. Result and Discussion

Based on the total polarity score obtained from the INSET lexicon, each comment was classified into one of three
sentiment categories: positive (score > 0), negative (score < 0), or neutral (score = 0). This threshold-based lexicon
labeling approach enables an objective grouping of user opinions by aggregating sentiment-bearing words within each
comment. Such a method has been widely applied in Indonesian sentiment analysis studies, as it provides interpretable
sentiment categories that closely align with human judgment and public opinion patterns [17], [18]. By applying this
labeling scheme, the overall sentiment tendencies of users toward ChatGPT as a learning support tool can be
systematically examined across different social media platforms.

Table 3 presents the sentiment distribution of user comments on Platform X and YouTube after the INSET
lexicon labeling process.

Table 3. Sentiment Distribution After INSET Lexicon Labeling

Sentiment Category Platform X YouTube
Positive 557 908
Negative 1,463 1,173
Neutral 143 220
Total 2,163 2,301

Based on Table 3, negative sentiment is the most dominant category on both platforms. On Platform X, negative
sentiment accounts for 1,463 comments, indicating a strong tendency for users to express critical opinions regarding
the use of ChatGPT as a learning support tool. Positive sentiment appears in 557 comments, while neutral sentiment
represents the smallest proportion with 143 comments, suggesting that most users express explicit opinions rather than
neutral statements.

In contrast, the sentiment distribution on YouTube appears more balanced. Although negative sentiment remains
the largest category with 1,173 comments, the difference compared to positive sentiment (908 comments) is relatively
small. This pattern suggests that YouTube users express more diverse perspectives, including both critical and
supportive views toward the use of ChatGPT in learning contexts. Neutral sentiment on YouTube accounts for 220
comments, indicating a slightly higher presence of neutral expressions compared to Platform X.

N Visualisasi Kelas Sentimen
Visualisasi Kelas Sentimen

positive

neutral

Figure 2. INSET Labeling Result



75 Indonesian Journal of Data and Science

Figure 2 visualizes the sentiment distribution of user comments on Platform X and YouTube after INSET lexicon
labeling. The figure highlights a clear contrast in user expression patterns across platforms, where Platform X is
characterized by a strong dominance of negative sentiment, while YouTube exhibits a more balanced distribution
between negative and positive sentiments. The presence of neutral sentiment is relatively limited on both platforms,
indicating that most users express explicit opinions. Overall, the visualization reinforces the differences in how users
articulate their views toward ChatGPT as a learning support tool across social media platforms.

Confusion Matrix

The confusion matrix was employed to evaluate the performance of the Naive Bayes and Support Vector Machine
(SVM) models in classifying sentiment into three categories: negative, neutral, and positive. This evaluation compares
the actual sentiment labels with the predicted labels generated by each model, thereby providing insight into
classification accuracy as well as misclassification patterns for each sentiment class. The confusion matrix is
particularly useful in multi-class sentiment classification, as it allows performance analysis at the class level, including
classes that are inherently difficult to distinguish, such as neutral sentiment.
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Figure 3. Confusion Matrix Results for Naive Bayes and SVM Platform X

Figure 3 illustrates the confusion matrix results for sentiment classification on the Platform X dataset. The Naive
Bayes model correctly classified 261 negative sentiment instances, but several misclassifications were observed, with
23 negative instances predicted as positive and 9 as neutral. In the positive class, 53 instances were correctly classified,
while 55 were misclassified as negative, indicating overlap between negative and positive expressions in user
comments. The SVM model demonstrated stronger performance, correctly classifying 261 negative instances and
showing improvement in the positive class with 66 correctly classified instances. However, both models struggled to
accurately classify neutral sentiment, as reflected by the low number of correct predictions for this class, suggesting
that neutral expressions on Platform X are less distinctive and more difficult to separate from polarized sentiments.
This pattern indicates that SVM achieves better class-level discrimination, particularly in terms of precision and recall
for polarized sentiments, although neutral sentiment remains challenging. Overall, the results indicate that SVM
outperforms Naive Bayes on the Platform X dataset, particularly in distinguishing positive sentiment.
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Figure 4. Confusion Matrix Results for Naive Bayes and SVM Platform YouTube
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Figure 4 shows the confusion matrix results for sentiment classification on the YouTube dataset. The Naive Bayes
model correctly classified 178 negative sentiment instances and 97 positive instances, but misclassifications were
observed between negative and positive sentiments, indicating overlap in user expressions. The SVM model achieved
better performance, with 211 correctly classified negative instances and 135 correctly classified positive instances,
demonstrating its stronger ability to separate dominant sentiment classes on YouTube. However, similar to the results
on Platform X, both models showed limited performance in identifying neutral sentiment, as reflected by the relatively
low number of correct neutral predictions. Overall, these results confirm that SVM consistently outperforms Naive
Bayes on the YouTube dataset, while neutral sentiment remains the most challenging class to classify accurately.

Model Evaluation

Based on the evaluation results on Platform X, the Support Vector Machine (SVM) method demonstrates superior
performance compared to Naive Bayes across all evaluation metrics. In terms of accuracy, SVM achieves 76.67%,
while Naive Bayes attains 74.60%, indicating that SVM is more consistent overall in producing correct sentiment
predictions. Regarding precision, SVM records a value of 74.68%, which is higher than Naive Bayes at 72.92%,
suggesting that SVM provides more accurate sentiment classification and is better at reducing misclassification errors.
The visualization of sentiment prediction results is presented in Table 4 and Figure 5.

Table 4. Naive Bayes and SVM Performance Platform X

Metric Naive Bayes (%) SVM (%)
Accuracy 74,60 76,67
Precision 72,92 74,68

Recall 74,60 76,67
F1-Score 73,21 75,28
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Figure 5. Visualization of Naive Bayes and SVM Performance Comparison Platform X

For the recall metric, SVM again outperforms Naive Bayes with a value of 76.67%, whereas Naive Bayes achieves
74.60%, indicating that SVM is more capable of identifying sentiment instances that belong to their correct classes,
including those with more complex and overlapping textual characteristics. In terms of F1-score, SVM achieves
75.28%, which is higher than Naive Bayes at 73.21%, reflecting a better balance between precision and recall. This
result suggests that SVM provides more stable and reliable classification performance when handling high-
dimensional text data and varying sentiment distributions on Platform X.

Overall, these findings indicate that SVM is more effective and reliable for sentiment classification on Platform X
data, while Naive Bayes can still serve as a comparative baseline despite its relatively lower performance, particularly
in handling complex text patterns and data imbalance. The superior performance of SVM in this study can be attributed
to its ability to handle high-dimensional TF-IDF features without relying on the word independence assumption used
by Naive Bayes. Moreover, the diverse and unstructured nature of text on Platform X allows SVM to separate
sentiment classes more effectively, leading to more stable classification results.
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Based on the evaluation results on the YouTube platform, the Support Vector Machine (SVM) method
demonstrates superior performance compared to Naive Bayes across all reported evaluation metrics. In terms of
accuracy, SVM achieves 73.10%, while Naive Bayes attains 62.04%, indicating that SVM is more consistent in
correctly classifying the sentiment of YouTube comments. Regarding precision, SVM records a value of 74.83%,
which is substantially higher than Naive Bayes at 60.98%, suggesting that SVM is more effective in reducing
misclassification errors between sentiment classes. The visualization of sentiment prediction results is presented in
Table 5 and Figure 6.

Table 5. Naive Bayes and SVM Performance Platform YouTube

Metric Naive Bayes (%) SVM (%)
Accuracy 62,04 73,10
Precision 60,98 74,83

Recall 62,04 73,10
F1-Score 61,31 71,37
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Figure 6. Visualization of Naive Bayes and SVM Performance Comparison Platform YouTube

From the precision perspective, SVM recorded a value of 74.83%, which is considerably higher than that of Naive
Bayes at 60.98%. This indicates that SVM is more accurate in assigning the correct sentiment labels to YouTube
comments, thereby reducing misclassification errors between sentiment classes that often overlap in user-generated
text. Regarding recall, SVM again outperformed Naive Bayes with a value of 73.10%, while Naive Bayes achieved
only 62.04%. This result suggests that SVM is more effective in identifying sentiment instances that truly belong to
each class, even when dealing with diverse expressions and varying comment lengths.

For the F1-score metric, SVM obtained a value of 71.37%, which is higher than Naive Bayes at 61.31%, indicating
that SVM achieves a better balance between precision and recall, an important aspect in multi-class sentiment
classification where class imbalance and semantic ambiguity are common. A higher F1-score suggests that SVM
performs more consistently across sentiment categories rather than focusing on dominant classes only. Overall, these
results demonstrate that SVM provides more stable and reliable performance for sentiment classification on YouTube
data compared to Naive Bayes, particularly in handling linguistic variability, informal expressions, and complex
textual patterns that frequently appear in longer user-generated comments.

Visualization of Sentiment Word Cloud

Figure 7 presents the Word Cloud visualization of positive, negative, and neutral sentiment classes on Platform
X, highlighting distinctive word usage patterns across sentiment categories. In the positive sentiment class, words
such as “bantu”, “bagus”, “pakai”, ‘“chatgpt”, and “banger” appear prominently, indicating users’ positive
experiences, perceived usefulness, and satisfaction with ChatGPT as a learning support tool. In contrast, the negative
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sentiment class is dominated by words such as “enggak”, “tidak”, “salah”, and “ribet”, which reflect user complaints,
perceived difficulties, or mismatches between expectations and actual usage experiences. Meanwhile, the neutral
tanya”, and “beli”, which carry
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sentiment class contains frequently occurring words such as “jadi”, “aku”, “pakai’,
minimal emotional polarity and mainly represent information sharing, questlonlng, or general discussion. Overall, the
Word Cloud visualization provides qualitative insight into discussion tendencies within each sentiment class on
Platform X and serves as a complementary interpretation of the sentiment classification results rather than a definitive
indicator of overall sentiment polarity.
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Figure 8 presents the Word Cloud visualizations for positive, negative, and neutral sentiment classes based on user
comments from the YouTube platform. The visualization illustrates the most frequently occurring words in each
sentiment category, where word size reflects frequency of occurrence. In the positive sentiment class, words such as
“chatgpt”, “bantu”, and “ajar” appear dominantly, indicating generally positive perceptions of ChatGPT as a learning
support tool among YouTube users. In contrast, the negative sentiment class is characterized by frequent occurrences
of words such as “enggak” and “salah”, reflecting user criticism, misunderstandings, or dissatisfaction related to
ChatGPT usage. Meanwhile, the neutral sentiment class is dominated by commonly used words without strong
emotional connotations, suggesting activities such as asking questions, sharing information, or participating in general
discussions. This visualization supports the sentiment distribution results on YouTube and strengthens the qualitative
interpretation of the classification outcomes.
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Figure 8. WordCloud Visualization Sentiment Classes Platform YouTube

The Word Cloud analysis indicates that discussions related to the use of ChatGPT as a learning medium involve
diverse user perspectives across sentiment classes on both platforms. Positive sentiment is associated with perceived
usefulness and learning support, while negative sentiment highlights confusion, errors, or inconvenience arising from
unmet expectations or improper usage. Neutral sentiment primarily reflects informational exchanges and contextual
discussions without strong emotional orientation. These findings suggest that user sentiment toward ChatGPT is
strongly influenced by usage context and learning needs. Therefore, the Word Cloud visualization should be
interpreted as a complementary analytical tool that illustrates dominant discussion patterns rather than as an absolute
measure of sentiment polarity.

Discussion

The results of this study indicate that the Support Vector Machine (SVM) method consistently outperforms Naive
Bayes in classifying sentiment related to the use of ChatGPT for learning on Platform X and YouTube. SVM achieves
higher accuracy, precision, recall, and F1-score on both platforms, with a more pronounced advantage on YouTube,
where the data are more diverse and imbalanced. These performance differences align with findings from recent
sentiment analysis research showing that SVM often provides more stable classification results than Naive Bayes in
social media text contexts, largely due to the effectiveness of SVM in handling high-dimensional TF-IDF feature
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spaces and flexibility with complex textual patterns [30], [31] . Studies comparing SVM and Naive Bayes across
various domains, including marketplace reviews and public opinion data, also find that SVM tends to outperform
Naive Bayes in terms of accuracy, precision, and F1-score due to its ability to maximize margin separation between
classes [32].

Moreover, comparative research has reported that while Naive Bayes is computationally efficient and suitable as
a baseline classifier, its assumption of feature independence can limit its performance in contexts where feature
interactions are complex - a limitation less pronounced in SVM models [33]. Although Naive Bayes can yield
satisfactory results in specific applications, multiple recent studies suggest that SVM generally provides stronger
performance for multi-class sentiment tasks involving unstructured user comments from social media platforms, partly
because SVM’s decision boundaries better handle overlapping class distributions.

Word Cloud visualizations in this study further support these findings by illustrating distinct language patterns
across sentiment classes. Dominant words in the positive sentiment class emphasize perceived usefulness and support
for learning, while negative sentiment words reflect confusion or dissatisfaction. Neutral sentiment primarily contains
informational or general discussion terms. These qualitative insights suggest that sentiment polarity is influenced more
by the context of ChatGPT usage in learning rather than by the technology itself, a pattern similarly noted in other
sentiment analysis research that combines quantitative classification metrics with lexical visualization [34].

Overall, the study’s findings confirm that SVM provides more stable and reliable sentiment classification
compared to Naive Bayes for comments related to ChatGPT usage on social media, especially in high-dimensional
and imbalanced datasets. Future research could explore additional sentiment categories, larger multilingual corpora,
or advanced models such as transformer-based architectures (e.g., BERT) to improve classification accuracy further
and practical relevance for Al-based learning development. Additionally, future studies should consider enhancing
evaluation methodologies by incorporating cross-validation and reporting performance metrics at the class level to
address challenges in neutral sentiment classification.

4, Conclusion

This study examined public sentiment toward the use of ChatGPT as a learning support tool on social media
platforms X and YouTube by comparing the performance of the Naive Bayes and Support Vector Machine (SVM)
classifiers using accuracy, precision, recall, and F1-score as evaluation metrics. The results consistently demonstrate
that SVM outperforms Naive Bayes across both platforms, with stronger performance observed on the YouTube
dataset, which is characterized by greater linguistic diversity and class imbalance. These findings indicate that SVM
is more robust in handling high-dimensional text features and complex sentiment distributions under the experimental
settings applied in this study. The Word Cloud analysis further supports the quantitative results by revealing distinct
language patterns across positive, negative, and neutral sentiment classes, suggesting that user sentiment is shaped
primarily by the context and manner in which ChatGPT is used in learning activities rather than by the technology
itself. Overall, the findings confirm that SVM provides a more stable and reliable approach for sentiment classification
of social media data related to educational technology, while Naive Bayes remains suitable as a comparative baseline
method within the defined experimental scope.
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