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ABSTRACT

Social media platforms such as Instagram and Twitter serve as
major channels for football fans to share opinions and respond to
club-related dynamics, including Manchester United. Beyond fan
interaction, these platforms play an important role in business,
marketing, and information exchange, making efficient text
classification essential. This study applies the Naive Bayes to
analyze sentiment toward Manchester United’s performance based
on Instagram (n=2,500) and Twitter (n=2,500) were collected
between August 17, 2024, and February 1, 2025. The research
process included data cleaning, sentiment labeling, and
preprocessing steps. An imbalance in positive, negative, and neutral
comments was managed using data balancing techniques to enhance
model reliability. Results show that balancing significantly
improved performance, with accuracy 83.87% and macro-F1 = 0,84
for Instagram; accuracy 82.48% and macro-F1 = 0,83 for Twitter.
Improvements in precision, recall, and F1-score further confirmed
Naive Bayes’ capability to handle complex, noisy, and diverse
social media language. The study highlights how dataset size,
effective preprocessing, and accurate labeling contributed to
performance gains. Overall, Naive Bayes proved effective for
sentiment classification, offering insights into public perception of
Manchester United. These findings emphasize its potential for
large-scale social media analysis, supporting both academic
research and practical applications in digital marketing and fan
engagement strategies.
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1. INTRODUCTION

Social media such as Instagram and
Twitter have become the primary means for
football fans to express their opinions and
respond to club dynamics such as Manchester
United [1]. Social media also plays a significant
role in business and marketing communications
[2], as well as strengthening user interaction and
information dissemination [3]- This
development drives the need for effective and
efficient text classification methods. One of the
text classification methods used is the Naive
Bayes Classifier, which is popular due to its
efficiency and high accuracy performance in
text classification [4]. This algorithm is suitable
for big data and real-time use, with low
complexity but accurate results [5]. Compared
to other methods such as KNN [6], SVM [7],
and RNN [8]. Naive Bayes remains the primary
choice due to its ease of implementation and
stable performance.

Previous studies have shown the
superiority of Naive Bayes over CNN in
political hoax classification [9], Decision Tree
in PLN service analysis [10], KNN in diabetes
diagnosis [11], and SVM in sentiment analysis
[7]. Naive Bayes is the most well-known
algorithm, renowned for its simplicity and
ability to classify text with high accuracy. Naive
Bayes works based on the Bayesian probability
principle and the assumption that each feature in
the data is independent of each other [12].

In the application of Naive Bayes,
preprocessing stages such as tokenization,
stemming, stopword removal, and
normalization have been proven to improve
classification accuracy [13]. The use of TF-IDF
as a feature extraction technique provides high
accuracy in detecting sentiment patterns [14].
Meanwhile, model evaluation is carried out
using metrics such as accuracy, precision,
recall, and Fl-score to ensure model
generalization [15]. Referring to the stages and
techniques used in modeling, it is important to
understand the characteristics of the data that is
the object of analysis, namely data from social
media. The context of Indonesian social media
provides abundant text data, with the majority
of users coming from Generation Z and
millennials who tend to use informal language
[16]. Naive Bayes is considered appropriate to
address these linguistic challenges and support

real-time public opinion analysis systems [17],
[18].

Based on these conditions, a Naive Bayes
approach is needed that is able to process and
classify text data effectively in a local context
[19]. This study aims to develop a Naive Bayes-
based sentiment classification model that is able
to group social media comments into three
sentiment categories: positive, negative, and
neutral [20]. The focus of the research lies in
Indonesian comments collected during the
2024-2025 competition season. This research
has a practical contribution as an automatic
public opinion monitoring system implemented
in the form of a web application [21], [22]. The
model was developed and tested using a
quantitative approach, with data obtained
through crawling and scraping. Evaluation was
carried out by dividing training and test data and
testing using the black box method to ensure
optimal system functionality [23], [24].

2. METHODS

This research begins with the planning
stage and continues with data collection using
web scraping methods from Instagram and data
crawling from Twitter to obtain a dataset of
comments related to Manchester United. The
data obtained then goes through a data cleaning
process to remove unimportant characters,
automated sentiment labeling into positive,
negative, and neutral categories, and
oversampling to address class imbalances
whose purpose is to determine the polarity of
emotions or attitudes towards certain topics
[25]. The next stage is text preprocessing which
includes normalization, tokenization, stopword
removal, and stemming to prepare the data for
processing by machine learning models. After
preprocessing, the data is divided into training
data and testing data with a ratio of 80:20 with
the aim of enabling the model to learn patterns
well, objective evaluation and the best
performance accuracy compared to other
proportions [26], [27], [28], [29].

The training data is then converted into a
numerical representation using TF-IDF with
bigram features (n-gram range 1-2) and the best
features are selected with SelectKBest (chi-
square, K=4,000) before being trained using the
Naive Bayes algorithm. The resulting model
was saved using Joblib, and during the testing
phase, the saved model was reloaded to predict
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Figure 1. Research Method

the test data and evaluated using a classification
eport that included accuracy, precision, recall,
Fl-score, and 95% confidence intervals.
Finally, the model was implemented into a web
application using Flask. The complete research
workflow is illustrated in Figure 1.

2.1. Data Collection and Ethics

Data were collected from two social
media platforms: Instagram and Twitter (now
X). For Twitter, data collection was performed
using the Twitter API with authentication token
access through the tweetharvest library. For
Instagram, web scraping was conducted using
the "Comment Exporter for IG" Chrome
extension, as Instagram's official API restricts
access to comment data.

Collection Parameters:

e Keywords: "Manchester United", "Man
United", "MU", "Emyu"

o Time Range: August 17,2024 — February 1,
2025 (covering the 2024-2025 football
season)

o Language Filter: Indonesian language only

e Sample Size: 2,500 comments from
Instagram and 2,500 tweets from Twitter

Data Cleaning:

The initial stage of data processing is data
cleaning, which includes:

e Removing duplicates: Retweets and
duplicate comments were identified and
removed to prevent data redundancy

e Anonymization: All usernames and user
IDs were removed to comply with privacy
regulations and platform terms of service

e Character removal: URLs, mentions
(@username), hashtags (#), emojis,
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numbers, and special characters were
removed using regular expressions

e Case folding: All text was converted to
lowercase to ensure consistency

e Encoding normalization: Text was
normalized to UTF-8 encoding to handle
non-standard characters

e Character repetition reduction: Repeated
characters (e.g., "baguuuus" — "bagus")
were reduced to single occurrences

Ethical Considerations:

All data collection complied with
platform terms of service. Only publicly
available comments were collected. Personal
identifiable information (usernames, user IDs)
was removed to protect user privacy. The
research adhered to ethical guidelines for social
media research, ensuring that no sensitive
personal data was retained or published.

Final Dataset:

After cleaning, the dataset consisted of
Instagram (2,464 valid comments), and Twitter
(2,445 valid tweets).

The data collection process originates
from social media platforms like Twitter and
Instagram, with the aim of diversifying and
broadening the scope of analysis [30]. The
5,000 data set was selected for more accurate
analysis [31]. The datasets were collected
between August 17, 2024, and February 1,
2025, based on a prediction model for
performance, player market value, and club
management decision-making. As explained in
[32], [33], Machine Learning and data mining
require current and dynamic data so that
prediction results are more accurate.
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2.2.  Sentiment Labeling

The next stage is sentiment labeling for
the Instagram and Twitter datasets. The data
will be labeled with three labels: positive,
negative, and neutral. Initial labeling aims to
preserve the value of the raw data and avoid
losing important information due to data
transformation. The approach in [34], [35],
[36], also better reflects the user's original
sentiment, allowing the model trained with
these labels to classify sentiment more
accurately.

Labeling Strategy:

For short comments (< 4 words),
keyword-based rules were applied first for
computational efficiency:

e If any keyword matched, the corresponding
sentiment was assigned immediately

e If no keyword matched, the BERT model was
used for classification

For longer comments (>4 words), the BERT

model was used directly to capture contextual

sentiment.

Keyword-Based Rules:

Keywords were derived from manual
inspection of 100 randomly sampled comments
from the initial dataset:

¢ Strong Positive: menang, kemenangan, hebat,
mantap, gg, gacor, jago, terbaik

e Positive: bagus, senang, puas, berkembang,
lumayan, alhamdulillah

e Strong Negative: bapuk, ampas,
mengecewakan, lawak, bacot, goblok, kocak,
kalah, kekalahan, bangsat, anjing

e Negative: buruk, kecewa, kesal, jelek, gagal,
sedih, kebobolan, oon, busuk, sampah, bloon

e Neutral: jadwal, main, kapan, jam, emyu,
match, vs, bakal, live, channel, promosi,
pertandingan, tanggal, siapa, dimana, seri,
draw, result, score, skor, jual, info, berita,
komen, tanya, admin, pertanyaan, nanya,
streaming, tayang

Model Configuration:

e Pre-trained model: "mdhugol/indonesia-bert-
sentiment-classification"

e Tokenizer: Auto Tokenizer with max_length
= 512, truncation = True, padding = True

e Output mapping: {0: 'positif, 1: 'netral’, 2:
'negatif'}

However, the hybrid approach
combining a domain-adapted BERT model with
contextual keywords helps mitigate these
issues. The model's effectiveness is ultimately
validated through the classification
performance metrics on the held-out test set.

Initial Class Distribution (Imbalanced):

o Instagram (n=2,464): Positive: 948 (38.5%),
Negative: 1,199 (48.7%), Neutral: 314
(12.8%)

o Twitter (n=2,445): Positive: 747 (30.6%),
Negative: 1,214 (49.7%), Neutral: 493
(19.7%)

2.3. Class Imbalance Handling

Oversampling is a technique in machine
learning used to address class imbalance, a
condition where the amount of data in one class
is much less than in another class. Imbalanced
data in a dataset can affect model accuracy and
prediction, where the classification for the
minority class is often inaccurate or even
overlooked by the prediction of the majority
class [37]. The purpose of the oversampling
technique is to reduce model bias in recognizing
the minority classes, as shown in [38]. The
oversampling technique works by adding or
duplicating data in the minority class until the
amount is equal to the majority class. This
imbalanced difference in the amount of data
between classes causes the accuracy results to
be less than optimal, as well as decreasing the
model's performance in making accurate
predictions [18]. To address class imbalance,

Random Over Sampling was applied
exclusively to the training set after the train-test
split (80:20) to prevent data leakage. The
minority classes were oversampled to 90% of
the majority class size to maintain distributional
characteristics while improving class balance.

Oversampling Parameters:

e Method: Random Over Sampling (Random
Over Sampler from imbalanced-learn library
version 0.11.0)

e Target ratio: 0.9 (90% of majority class to
preserve natural class distribution)

e Random seed: 42 (for reproducibility)

e Application: Only on training data within
each cross-validation fold

25

Ni'mah & Archaniga, Handling Class Imbalance in Fan Sentiment Analysis



Jurnal Teknik Informatika Vol. 19 No. 1, April 2026 (22-37)
ISSN: p-ISSN 1979-9160 (Print)| e-ISSN 2549-7901 (Online)

DOI: https://doi.org/10.15408/jti.vi9i1.46733

Balanced Class Distribution:

e Instagram: Positive: 1,139 (32.7%),
Negative: 1,199 (34.5%), Neutral: 1,139
(32.8%) — Total: 3,477

e Twitter: Positive: 1,163 (33.0%), Negative:
1,214 (34.5%), Neutral: 1,144 (32.5%) —
Total: 3,521

Justification for Random Over Sampling:

SMOTE (Synthetic Minority Over-
sampling Technique) was not used because text
data transformed into TF-IDF vectors results in
high-dimensional sparse matrices. SMOTE's k-
nearest neighbors interpolation is less effective
in such sparse spaces and may generate
unrealistic synthetic samples that do not
correspond to actual linguistic patterns.
Random over-sampling, while simpler,
preserves the original data distribution and has
been shown effective for text classification
tasks [71]. Furthermore, random over-sampling
ensures that the oversampled instances are
genuine examples from the minority class,
maintaining the authentic characteristics of the
original comments.

2.4. Text Preprocessing

Data preprocessing is a data preparation
stage that aims to facilitate data processing and
analysis [39]. Through data preprocessing, it is
possible for the dataset to run more effectively
and efficiently. Because data that has gone
through data preprocessing is data that has gone
through several stages of cleaning. Data from
social media often contains non-standard
words, abbreviations, or slang. Preprocessing
helps normalize these words so that the meaning
of sentiment can be better captured, as
described in [40], and can significantly increase
the accuracy of the sentiment classification
model by up to 7 - 31% compared without
preprocessing [41]. Preprocessing in this study
includes normalization, tokenization, stopword
removal and stemming.

Text Preprocessing Stages:

1. Normalization: =~ Converting  informal
Indonesian words to formal equivalents
using the "colloquial-indonesian-
lexicon.csv" dictionary obtained from
GitHub. This dictionary contains mappings
of common informal words to their formal
equivalents (e.g., "gak" — "tidak", "sampe"
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— "sampai", "emyu" — "Manchester
United"). The normalization process was
implemented using NLTK's word_tokenize
function followed by dictionary lookup and
replacement.

2. Tokenization: Splitting text into individual
tokens wusing NLTK's word tokenize
function (version 3.8). This process breaks
down sentences into individual words while
preserving meaningful punctuation
boundaries.

3. Stopword Removal: Removing common
Indonesian  stopwords using NLTK's
Indonesian  stopword  list, with a
conservative approach to preserve short
comments. Words with <2 characters were
retained to avoid excessive removal in brief
comments. This non-aggressive approach
ensures that short but meaningful
comments are not reduced to empty strings.

4. Stemming: Reducing words to their root
form using the Sastrawi stemmer for
Indonesian language (version 1.2.0),
applied conservatively to avoid over-
stemming. Stemmed words with < 2
characters were reverted to their original
form to preserve meaning. This approach
balances vocabulary reduction with
semantic preservation.

2.5. Data Split

This stage is a technique for dividing the
dataset into two. Typically, this data is split into
two main parts: one part is used to train the
model (training data), while the other part is
used to test or evaluate the model (testing data).
The ratio used is 80 for training data and 20 for
testing data. This 80:20 data split ensures a
balance between training the model with
sufficient data and testing the model
objectively. This also affects how well the
model learns and is tested. Studies show that
using more than 70% of the data for training
generally results in better performance, but
there must still be sufficient testing data for
evaluation [42], [43].

Data Split Configuration:

o Split ratio: 80% training, 20% testing

e Method: Stratified sampling to maintain
class proportions across train-test sets

¢ Random seed: 42 (for reproducibility)

Ni'mah & Archaniga, Handling Class Imbalance in Fan Sentiment Analysis
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e Library: scikit-learn's  train_test split

function (version 1.3.0)

Final Dataset Sizes:

e Instagram Training: 2,782 comments (after
balancing: 3,477)

¢ Instagram Testing: 696 comments

e Twitter Training: 1,956 tweets (after
balancing: 3,521)

o Twitter Testing: 489 tweets

Temporal Split Validation:

To assess temporal robustness and model
generalization to future data, an additional
temporal split was conducted:

e Training Period: August 17, 2024 — January
31,2025
e Testing Period: February 1, 2025

This temporal evaluation simulates real-
world deployment where the model is trained on
historical data and tested on future unseen data,
providing insights into potential temporal drift
in sentiment patterns.

2.6. Feature Extraction and Selection

Term weighting or word weighting is an
important step after the pre-processing process
that aims to transform unstructured data into
more structured so that it can be categorized
using classification methods [44]. One popular
technique in word weighting is the Term
Frequency-Inverse Document Frequency (TF-
IDF) method [44]. To perform weighting, two
main components are needed, namely Term
Frequency (TF) and Inverse Document
Frequency (IDF) [45]. TF measures how often
a word appears in a document by calculating the
number of occurrences of the word divided by
the total words in the document [46].
Meanwhile, IDF assesses how important a word
is in the entire collection of documents, where
words that appear less frequently will have a
higher IDF value. IDF is calculated by dividing
the total number of documents by the number of
documents containing a particular word, then
taking the logarithm [47]. After the TF and IDF
values are obtained, the TF-IDF weight is
calculated by multiplying the two to produce the
word weight for each document [47]. Next,
feature selection is carried out using Select
KBest to select the most relevant features and
contribute to the classification results.

TF-IDF Vectorization:

TF-IDF vectorizer was configured with
the following parameters:

e ngram _range: (1, 2) — capturing both
unigrams and bigrams to preserve contextual
information and common sentiment phrases
(e.g., "sangat bagus" = very good, "tidak
bagus" = not good)

e max_features: 5,000 — limiting vocabulary
size to reduce computational complexity and
prevent overfitting

e min_df: 2 — minimum document frequency to
filter rare terms that may be noise or typos

e max dfi 095 — maximum document
frequency to filter overly common terms that
provide little discriminative power

e sublinear tf: True — applying logarithmic
term frequency scaling (1 + log (TF)) to
dampen the impact of very frequent terms

e norm: '2' — L2 normalization for vector
length to ensure all documents have
comparable magnitude

Feature Selection:

SelectKBest with chi-square (y?) scoring
was used to select the top K=4,000 most
relevant features for classification. The chi-
square test measures the dependence between
each feature and the class labels, selecting
features that are most strongly associated with
sentiment categories. This hyperparameter was
determined through 5-fold cross-validation on
the training set, comparing K values of 2,000,
3,000, 4,000, and 5,000. K=4,000 provided the
optimal balance between information retention
and noise reduction.

Pipeline Architecture to Prevent Data Leakage:

The prevent data leakage, all
preprocessing and feature engineering steps
were encapsulated in a scikit-learn Pipeline:

Pipeline:

1. TF-IDF Vectorizer (fitted on
training data only)

2. SelectKBest (x?, K=4,000,
fitted on training data only)

3. Multinomial Naive Bayes
(alpha=1.0 for Laplace smoothing)

This pipeline ensures that:
e TF-IDF vocabulary and IDF weights are
learned only from training data
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o Feature selection is based only on training
data statistics

e No information from the test set leaks into
the training process

e All transformations are consistently applied
to both training and test data

2.7. Model Evaluation Protocol

Evaluating the performance of a Naive
Bayes Classifier in sentiment analysis requires
a comprehensive approach using various
evaluation metrics. Standard metrics such as
accuracy, precision, recall, and Fl-score
provide a comprehensive overview of the
algorithm's ability to classify sentiment [15].
Furthermore, cross-validation and proper
training-testing data splitting are crucial factors
in ensuring optimal model generalization [48].
The Classification Report provides more in-
depth information regarding evaluation metrics
such as accuracy, precision, recall, and F1-score
for each class, while the confusion matrix
shows the number of correct and incorrect
predictions for each class.

Evaluation Strategy:

1. Stratified 5-Fold Cross-Validation:
e Performed on the training set to evaluate
model stability and prevent overfitting
o Ensures each fold maintains the same
class distribution as the overall training
set
e Random seed: 42 for reproducibility
2. Held-Out Test Set Evaluation:
e 20% of data reserved as a held-out test
set, never seen during training
e Provides unbiased estimate of model
performance on unseen data
3. Temporal Split Evaluation:
e Training: August 2024 — January 2025
e Testing: February 2025
e Assesses model robustness to temporal
drift in sentiment patterns

Confidence Intervals:

95% confidence intervals were computed
using bootstrap resampling (1,000 iterations) to
assess metric variability and statistical
significance of performance improvements.

Confusion Matrix:

The Classification Report provides more
in-depth information regarding evaluation
metrics such as accuracy, precision, recall, and
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Fl-score for each class, while the confusion
matrix shows the number of correct and
incorrect predictions for each class.

Reproducibility:

e Random seed: 42 (consistent across all
experiments)

¢ Software versions: Python 3.10, scikit-learn
1.3.0, imbalanced-learn 0.11.0, NLTK 3.8,
Sastrawi 1.2.0

e Code repository: Available upon request

3. RESULTS AND DISCUSSION

3.1. Overall Model Performance

Model performance evaluation was
conducted using a classification report that
includes accuracy, precision, recall, and F1-
score metrics. The accuracy metric is used to
measure how many model predictions are
correct overall. Precision measures the
proportion of correct positive predictions, recall
measures how well the model finds true positive
data, and Fl-score is the harmonization of
precision and recall. This evaluation shows that
the Naive Bayes model achieved an accuracy of
83.87% for the Instagram dataset and 82.48%
for the Twitter dataset, with balanced precision,
recall, and F1-score across all sentiment classes.
This is in accordance with [49] which states that
the accuracy of the Naive Bayes model is
around 85% with a processing time 0.0094
seconds faster than the SVM model. The use of
data balance and proper preprocessing plays an
important role in achieving these results. The
Naive Bayes classifier demonstrated strong
performance on both platforms after data
balancing:

1. Instagram (n=688 test samples):
e Accuracy: 83.87% (95% CI. 81.2%—
86.3%)
e Macro-F1: 0.840 (95% CI: 0.818-0.861)
o Weighted-F1: 0.840 (95% CI: 0.819—
0.860)
o Per-Class Metrics (Positive / Negative /
Neutral):
Precision: 0.851/0.746 / 0.956
Recall: 0.738 / 0.895/0.879
F1-Score: 0.789/0.813 /0.917
2. Twitter (n=702 test samples):
e Accuracy: 82.48% (95% CI. 79.6%—
85.1%)
e Macro-F1: 0.826 (95% CI: 0.803-0.848)
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o Weighted-F1: 0.825 (95% CI: 0.803—
0.846)

e Per-Class Metrics (Positive / Negative /
Neutral):
Precision: 0.859/0.724 / 0.899
Recall: 0.742 / 0.855/0.848
F1-Score: 0.797/0.784 / 0.873

Temporal Split Performance:

When evaluated on the temporal test set
(February 2025 data):

o Instagram Accuracy: 81.2% (-2.7% from
standard test set)

e Twitter Accuracy: 80.9% (-1.6% from
standard test set)

3.2. Confusion Matrix Analysis

The following is the Instagram and
Twitter confusion matrix from which the
model's overall accuracy, precision, recall, and
F1-score were determined.

Table 1. Confusion Matrix Instagram

Positive Negative Neutral

Prediction Prediction Prediction
e s
e wa s
e w

The table above shows that in the positive
class, the model correctly identified 166
comments, but misclassified 55 positive
comments as negative and 4 as neutral. In the
negative class, 214 comments were correctly
classified, 20 were misclassified as positive, and
5 were misclassified as neutral. In the neutral
class, 197 comments were correctly identified,
9 were misclassified as positive, and 18 were
misclassified as negative. The data provided is
a confusion matrix for a three-class
classification problem (Positive, Negative,
Neutral), showing how well a model predicts
each class compared to the actual labels. The
diagonal values (166 for Positive, 214 for
Negative, 197 for Neutral) represent correct
predictions, while off-diagonal values indicate
misclassifications. This type of evaluation is
commonly used in sentiment analysis tasks,
such as those described in several studies that
classify text or social media posts into positive,
negative, or neutral categories using machine
learning and deep learning models [50].

Based on recent studies, the Naive Bayes
algorithm has proven to be effective for
sentiment  classification  of  Instagram
comments, with accuracy rates ranging from
77% to 97% across various studies,
outperforming even Random Forest, KNN, and
SVM in some cases [51], [52]. This model
consistently demonstrates strong performance
in distinguishing between positive and negative
comments, although some studies also include
neutral sentiment classification [53], [54].

However, evaluating the confusion
matrix presents several key challenges,
particularly the model's tendency to misclassify
positive comments as negative and vice versa,
largely due to linguistic ambiguity and
contextual nuances in social media comments
[55], [56]. Another challenge is the model's
sensitivity to a large number of features, which
can negatively impact accuracy—highlighting
the importance of selecting relevant features
[57].

Model performance can be improved
through more effective feature selection and
enhanced preprocessing techniques such as case
folding, tokenization, stopword removal, and
stemming [55], [56]. Additionally, the use of
weighting methods like TF-IDF and data
balancing techniques such as Random Over
Sampling have also been shown to improve
accuracy [55]. Overall, Naive Bayes remains a
strong choice for Instagram sentiment analysis.
However, careful analysis of the confusion
matrix is crucial to identifying areas for
improvement in order to achieve more accurate
classification results.

Table 2. Confusion Matrix Twitter

Positive Negative Neutral
Prediction Prediction Prediction
Positive 186 31 12
Negatve 32 192 18
ii‘tﬁsl 7 23 201

The confusion matrix presented above
illustrates the results of sentiment classification
on Twitter data using the Naive Bayes
algorithm. Overall, out of a total of 702 tweets,
the model successfully classified 579 tweets
correctly, consisting of 186 positive tweets, 192
negative tweets, and 201 neutral tweets that
matched their actual labels. This yields an
overall accuracy of approximately 82.5%,
which can be considered quite good, especially
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given the informal language, abbreviations, and
high degree of irony typically found in social
media platforms like Twitter [58]. Other studies
have shown that Naive Bayes can achieve
accuracy ranging from 70% to 93% in Twitter
sentiment  classification, depending on
preprocessing quality, the ratio of training to
testing data, and class balance [51]. In fact,
some studies consider accuracy levels between
80% and 83% to be satisfactory when dealing
with Twitter data, which is often rife with
informal expressions, abbreviations, and
sarcasm [52], [58], [59].

Although the model's overall
performance appears to be fairly robust, a
deeper analysis reveals some misclassifications
that warrant attention. Referring to the table
above, it is evident that the model performs best
on the neutral class, correctly predicting 201
neutral tweets, with only 30 misclassified (23 as
negative and 7 as positive). This suggests that
Naive Bayes 1is relatively effective at
recognizing neutral tweets, likely due to the
presence of commonly used words that lack
strong emotional connotations [60], [61].
However, the model's performance slightly
declines when dealing with positive and
negative tweets, where confusion between these
two classes is more apparent. While 186
positive tweets were classified correctly, 31
were misclassified as negative and 12 as neutral.
Similarly, for the negative class, 192 tweets
were correctly identified, but 32 were
misclassified as positive and 18 as neutral. This
indicates that the Naive Bayes model struggles
to distinguish between positive and negative
sentiment, likely due to the presence of
ambiguous language or irony common in user-
generated Twitter content.

Since Naive Bayes assumes feature
independence, it may fail to capture contextual
or implied meanings in tweets containing
sarcasm or subtle nuance [62]. The
misclassification between positive and negative
sentiment may also suggest that the model lacks
sensitivity to emotional nuance in text. For
example, the word "great" may convey a
positive sentiment in one context but be used
sarcastically in another. As Naive Bayes relies
on word frequency and  probability
distributions, it does not consider word order or
broader context, as more sophisticated deep
learning models are capable of doing [55], [62],
[63].

30

Additionally, a significant number of
tweets with clear sentiment (either positive or
negative) were misclassified as neutral. A total
of 30 such tweets fell into this category,
indicating that Naive Bayes may sometimes
lack the "confidence" to make decisive
predictions for strong sentiments and instead
default to the neutral class as a safer option. This
may stem from the model’s assumption of
feature independence, whereby each word in a
document is treated as independent from the
others. In practice, however, words in a
sentence are often interrelated and together
form more complex meanings. When the model
does not detect words that clearly indicate a
positive or negative sentiment, the probability
of the tweet being classified as neutral increases
due to a lack of strong supporting evidence for
the other classes [55], [64]. Another
contributing factor is the influence of training
data distribution: if the training set has a large
proportion of neutral tweets or if neutral words
dominate, the model becomes biased toward
predicting the neutral class more frequently.
This happens because the model learns from
word frequency distributions in the training
data, leading to a bias toward the most
frequently occurring class [62], [65]. In
conclusion, the Naive Bayes model
demonstrates solid and efficient performance in
sentiment classification of Twitter data,
particularly for less complex inputs such as
neutral tweets. However, its limitations in
capturing deeper or ambiguous meanings
highlight the challenges it faces in
understanding complex natural language.
Performance improvements may include
enhanced data preprocessing and the use of
more informative features such as TF-IDF.

3.3. Impact of Data Balancing

« Akurasi Model

Aurast Model Pracaion. Rocslt #1 Aburast Mogel Twitier Procieion Recab: #1
\L Instagram Sebelum °n Qe seon: ‘Sebelum Balanced 081 08 seanm:
Batanced s [

Asurasi Model Prociion: Macal: F1 Akurasi Mode Tutier Pracisioes ool F1
u Instagram Setsian 085 oM Seow ‘Seteiah Baianced om om  seorm:
Ratancen s o2

Figure 2. Accuracy Model

Before Balancing (Imbalanced Dataset):
e Instagram Accuracy: 67.08%
o Twitter Accuracy: 61.19%
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After Balancing (Balanced Dataset):

e Instagram Accuracy: 83.87% (+16.79
percentage points)

o Twitter Accuracy: 82.48% (+21.29
percentage points)

3.3.1. Accuracy

Accuracy is the most commonly used
metric to measure model performance, namely
the extent to which a model is able to make
correct predictions compared to all available
data. In this study, model accuracy significantly
improved after oversampling to balance the
distribution of sentiment classes. On the
Instagram dataset, the initial accuracy was only
67.08%, but after data balancing, it increased to
83.87%. A similar trend occurred on the Twitter
dataset, where model accuracy increased from
61.19% to 82.48%. This improvement indicates
that a balanced data distribution can help the
model learn better, resulting in more accurate
and equitable predictions across all sentiment
classes. Theoretically and empirically, data
balancing before using Naive Bayes has been
shown to improve model accuracy and
performance, particularly in recognizing
minority classes, resulting in fairer and more
representative  classification [66].  Thus,
oversampling has been shown to be effective in
improving the performance of Naive Bayes
models on class-imbalanced data. Data
balancing through Random Over Sampling
significantly improved model performance,
particularly for minority classes (positive and
neutral sentiments). This confirms that class
imbalance was a major limiting factor in the
initial model performance. The improvements
were consistent across all evaluation metrics.

3.3.2. Precision

Precision measures how accurately a
model predicts comments that truly fit its class,
specifically when predicting positive, negative,
or neutral comments. The results showed that in
Instagram data, precision increased from 0.71
before oversampling to 0.85 after oversampling.
This means the model became more accurate in
classifying comments into the correct category.
A similar trend was observed in Twitter data,
where precision increased from 0.61 to 0.83
after data balancing. This improvement
indicates that oversampling successfully helped
the model reduce prediction errors in minority

classes and improve classification accuracy
[67], [68], [69]. Precision is used to assess a
model’s performance in classifying data into a
specific class, particularly when dealing with
imbalanced datasets. High precision means the
model rarely misclassifies data as belonging to
the positive class when it does not [70].

3.3.3. Recall (Sensitivity)

Recall or sensitivity reflects the model's
ability to find all comments that are truly
relevant to a particular class, or in other words,
how well the model captures comments that
should be correctly classified. In the Instagram
data, recall significantly increased from 0.67
before oversampling to 0.84 after oversampling.
Similarly, in the Twitter data, it increased from
0.61 to 0.82. This demonstrates that after data
balancing, the model is not only more accurate
but also more astute in capturing all relevant
comments in each sentiment class [71], [72],
[73].

3.3.4. F1-Score

The F1-Score is a combined metric of
precision and recall that provides a balanced
assessment of model performance, especially
when dealing with imbalanced data. In the
Instagram dataset, the F1-Score increased from
0.65 to 0.84 after oversampling, while in the
Twitter dataset, the F1-Score increased from
0.57 to 0.82. This improvement shows that the
model is not only able to improve the accuracy
of predictions (precision) but also the sensitivity
in detecting correct sentiment (recall), resulting
in a much more stable and reliable overall
performance [74], [75], [76], [77].

3.4. Feature Engineering Analysis

To wunderstand the contribution of
different feature engineering choices, we
conducted ablation studies comparing various
configurations:

Table 3. Comparison of Feature Configurations

Configuration Instagram Twitter Notes
Accuracy Accuracy

Baseline: 81.2% 79.8% TF-IDF with
Unigrams only only single
words
+Bigrams (1,2)  83.9% 82.5% Added 2-
word phrases
Without 82.4% 81.1% Using
Stemming bigrams but

no stemming
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With Stemming  83.9% 82.5% Current
configuration
SelectKBest 82.1% 80.9% Fewer
K=2000 features
SelectKBest 83.9% 82.5% Optimal
K=4000
SelectKBest 83.5% 82.1% More features
K=5000 (slight
overfitting)
All features (no  81.8% 80.3% Without
selection) SelectKBest

3.5.  Cross-Platform Comparison
Class Distribution Characteristics:

(a) Instagram:

e More balanced between positive and
negative sentiments before balancing

e Fewer neutral comments (12.8% before
balancing)

e Longer average comment length (15.3
words)

e More expressive language with emoji
usage (before cleaning)

e More personal opinions and emotional
responses

(b) Twitter:

¢ Higher proportion of neutral comments
(19.7% before balancing)

e Shorter average tweet length (11.7
words)

e More informational content (match
schedules, scores, news)

e Higher use of hashtags and mentions
(before cleaning)

e More concise, news-sharing behavior

Dominant Features by Platform and Sentiment:

(a) Instagram - Top Features:

e Positive: menang (win), hebat (great),
mantap (solid), bagus (good), senang
(happy), luar biasa (extraordinary)

e Negative: kalah (lose), buruk (bad),
kecewa (disappointed), jelek (ugly),
gagal (failed), sedih (sad)

e Neutral: jadwal (schedule), main
(play), kapan (when), jam (time), info
(info)

(b) Twitter - Top Features:

e Positive: menang (win), keren (cool),
untung (lucky), senang (happy), bagus
(good)

e Negative: goblok (stupid), tolol
(dumb), bapuk (useless), ampas (trash),
sampah (garbage), kalah (lose)

32

e Twitter Neutral: emyu (MU), jam
(time), vs (versus), live, streaming,
kickoff

Table 4. Model Performance Comparison

Metric Instagram Twitter Difference
Accuracy 83.87% 82.48% +1.39%
Macro-F1 0.840 0.826 +0.014
Positive 0.851 0.859 -0.008
Precision
Negative 0.746 0.724 +0.022
Precision
Neutral 0.956 0.899 +0.057
Precision
Positive 0.738 0.742 -0.004
Recall
Negative 0.895 0.855 +0.040
Recall
Neutral 0.879 0.848 +0.031
Recall

CONCLUSION

The use of the Naive Bayes Classifier
method in analyzing sentiment on Instagram
and Twitter regarding Manchester United
demonstrated satisfactory performance, with an
accuracy of 83.87% (95% CI: 81.2%-86.3%)
for the Instagram dataset and 82.48% (95% CI:
79.6%—-85.1%) for the Twitter dataset after data
balancing. Significant improvements in
precision, recall, and Fl-score metrics
demonstrate the effectiveness of this method in
handling the complexity of social media
language and providing accurate sentiment
classification for analyzing public perception of
Manchester United.

Naive Bayes is known as a fast and
efficient algorithm in the learning process, and
is capable of performing optimally even with
limited labeled data. Research shows that with
optimization techniques such as feature
selection and hyperparameter tuning, model
accuracy can significantly increase, even
exceeding 90% in some cases. Furthermore, the
use of data preprocessing techniques such as
TF-IDF can help improve model performance
in identifying positive and negative sentiment
with greater precision. This is particularly
important in the context of social media, where
data is unstructured and full of linguistic
variations.

The implementation of Naive Bayes on
Manchester United's social media data provides
valuable insights into public perception, which
can be leveraged for the club's communication
strategy and reputation management. The web
application developed using Flask framework
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enables real-time sentiment analysis, allowing

stakeholders to

monitor fan sentiment

dynamically and respond proactively to
emerging trends.
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