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1. INTRODUCTION

The development of information technology has driven the widespread use of social media in various
aspects of life, including in the academic environment. Social media platforms, such as Instagram, have become
popular tools for conveying information and fostering interactions between individuals and groups. With the
growing number of users, sentiment analysis on social media has become important to understand the
perceptions and responses of the public towards certain issues.

Higher education institutions, as centers of higher learning, play a strategic role in creating a positive
image through social media. Social media can be used to convey various information, achievements, and
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academic activities to the wider public. This allows educational institutions to interact more directly with the
public, provide insights into campus activities, and build a good reputation in the eyes of society.

Social media provides a significant opportunity for educational institutions to build a positive image
through intensive interactions with the public.[1] Platforms like Instagram enable universities to effectively
communicate their achievements and activities to a broader audience. Social media, especially Instagram, not
only serves as a communication tool but also as a learning medium that enhances student engagement through
relevant and informative content.[2]

From a technical perspective, the Naive Bayes algorithm is known for its speed and efficiency in
sentiment analysis. This method is based on probability, utilizing historical data to predict positive, negative,
or neutral sentiments. The advantage of this method lies in its ability to handle large amounts of data while
maintaining competitive accuracy.[3]

This study aims to apply the Naive Bayes algorithm for sentiment analysis of comments on the Instagram
account of Widyagama University (@uwg.malang) as a case study. It is hoped that this research will provide
valuable contributions to the development of effective communication strategies and serve as a reference for
higher education institutions or other organizations in utilizing analytical technologies for their strategic needs.

2. METHOD
This study applied the following methodology to analyze sentiment in comments from the official Instagram
account of Universitas Widyagama (@uwg.malang):

2.1. Data Collection:

The dataset was obtained by manually collecting comments from posts on the official Instagram account of
Universitas Widyagama (@uwg.malang) during a specified time frame. The data encompassed comments on
various topics, including academic announcements, student achievements, and campus events.

2.2. Data Preprocessing:

The collected raw comments underwent preprocessing to prepare them for sentiment analysis. This included
the following steps:
e Removal of unnecessary characters such as symbols, numbers, URLS, and punctuation marks.

e  Tokenization, which involved breaking the text into individual words.
e  Stopword removal, where common, non-informative words (e.g., "yang," "dan") were discarded.
e  Stemming, where words were reduced to their root forms using a manual dictionary-based approach.

2.3. Data Labeling:

A subset of the comments (81 comments) was manually labeled to assign sentiment categories: positive,
neutral, and negative. Sentiments were classified as follows:
e Positive: Comments expressing support, appreciation, or positive feedback.

e Neutral: Comments that were informative or lacked emotional content.
e Negative: Comments containing criticism, complaints, or negative emotions.

2.4. Naive Bayes Sentiment Classification:

The sentiment classification was carried out using the Naive Bayes algorithm. The process involved the
following steps:
e Training Data Preparation: A portion of the manually labeled comments (65 comments) was

used as training data.
e Probability Calculation: Using the Naive Bayes theorem, the probability of each word belonging
to a specific sentiment category was computed. The formula used is:

P(W|S) - P(S
p(siw) — —12) - 2(5)
P(W)

% /
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Where S represents the sentiment, W represents a word, P(W/S) is the probability of observing word
W given sentiment S, P(S) is the prior probability of sentiment S, and P(W) is the overall
probability of the word W.

e Sentiment Prediction: The model predicted the sentiment of each comment by calculating the
overall probability across the words in the text and selecting the most likely sentiment
category.

2.5. Evaluation of Sentiment Distribution:

After the classification, the sentiment distribution was manually tabulated. A bar chart was created to visualize
the proportions of positive, neutral, and negative sentiments. The chart helped summarize the sentiment trends
and provided a clear comparison between categories.

3. RESULTS AND DISCUSSION
3.1. Data Collection

Data Collection: The data was collected from the official Instagram account of Universitas Widyagama
(@uwg.malang), consisting of 81 comments gathered over a specific period. The comments encompassed a
variety of topics, such as campus event announcements, student achievements, academic information, and
general public engagement. The selection aimed to provide a representative sample of comments that reflect
the public perception of the university.

3.2. Data Preprocessing
The raw data underwent several preprocessing steps to prepare it for sentiment analysis:

e Removal of Unnecessary Elements: Symbols, numbers, URLS, and punctuation marks were removed to
reduce noise in the dataset. This step is essential to ensure that the analysis focused only on the
meaningful words.

e Tokenization: The comments were tokenized, breaking down the text into individual words. On average,
each comment consisted of 15 words. Tokenization helped to process the text efficiently and extract
relevant features for sentiment classification.

e Stopword Removal: Common words that do not contribute much meaning to sentiment analysis, such
as “yang,” “dan,” and “di,” were removed. This process helped eliminate unnecessary elements that
could skew the results.

e Stemming: Each word was reduced to its root form manually. For example, “berprestasi” (achieving)
was reduced to “prestasi” (achievement). This normalization ensured that different forms of the same
word did not interfere with the analysis.

3.3. Data Labeling
After preprocessing, the comments were manually labeled according to their sentiment. The labeling was done
by two researchers independently to minimize bias and ensure consistency. The sentiment categories were as
follows:
e Positive Sentiment: 75 comments (92.59%) were classified as positive. These comments expressed
favorable opinions, such as praise or appreciation of the university.
e Neutral Sentiment: 5 comments (6.17%) were labeled as neutral. These comments conveyed
informational content without clear emotional undertones.
e Negative Sentiment: 1 comment (1.23%) was identified as negative. This comment expressed
dissatisfaction or criticism of the university.

3.4. Sentiment Classification Using Naive Bayes

The sentiment classification was carried out using the Naive Bayes algorithm, which is based on probabilistic
calculations. The method calculates prior and conditional probabilities, then applies Bayes' theorem to estimate
the posterior probability for each sentiment category (positive, neutral, or negative) based on the words in the
comments.
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e Prior Probabilities: These represent the initial probability of each sentiment category, calculated as the
ratio of comments in each sentiment category to the total number of comments.

75 : 1
P(Positive) = T 0.926, P(Neutral) = a1 = 0.062, P(Negative) = T 0.012
o Posterior Probabilities: Bayes' theorem was applied to calculate the posterior probability of
each sentiment, given the words in the comments. The class with the highest posterior
probability was selected as the predicted sentiment.

3.5. Model Evaluation and Accuracy:
To evaluate the accuracy of the model, 16 comments were reserved for testing. The model correctly classified
15 of the 16 comments, resulting in an accurai:}_; of:

=0.9375 or 93.75%

e,

Accuracy —

.l

This high accuracy indicates that the Naive Bayes classifier performed well, accurately distinguishing between
positive, neutral, and negative sentiments based on the input data.

3.6. Sentiment Distribution

The distribution of sentiments in the dataset was as follows:
e Positive Sentiment: 75 comments (92.59%)
e Neutral Sentiment: 5 comments (6.17%)
e Negative Sentiment: 1 comment (1.23%)

Sentiment Analysis Distribution
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The sentiment distribution was visually represented using a bar chart to clearly display the proportions of
each sentiment category. The bar chart showed that the overwhelming majority of comments were positive,
with a very small proportion being neutral or negative.

3.7. Model accuracy

The Naive Bayes classifier demonstrated a high accuracy rate of 93.75% in classifying the sentiment of
comments on Instagram. This result indicates that Naive Bayes is an effective method for sentiment analysis
of social media comments, particularly in the context of short and informal text. The simplicity of the Naive
Bayes model, which relies on probabilistic calculations based on word frequencies, allows it to deliver reliable
sentiment classifications with a relatively small dataset.

3.8. Sentiment Distribution
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The results showed that 92.59% of the comments were classified as positive, indicating a predominantly
favorable public perception of Universitas Widyagama on Instagram. This positive sentiment reflects well on
the university's communication efforts, suggesting that the majority of users engage with the content in an
appreciative manner. The low percentage of neutral (6.17%) and negative (1.23%) comments suggests that the
university's posts resonate well with most users, with very few expressing indifference or dissatisfaction.

3.9. Implications for University Communication

The predominance of positive sentiment suggests that the university's social media strategy is effectively
fostering positive engagement with its audience. To sustain this favorable perception, the university should
continue to publish content that highlights student achievements, academic events, and university
accomplishments. For neutral comments, which may indicate a lack of engagement or enthusiasm, the
university could introduce more interactive or provocative content to generate a stronger emotional response.
Although negative comments were rare, addressing such comments in a timely and constructive manner can
prevent potential issues from escalating and help maintain the positive image.

3.10. Limitations of the Study

One key limitation of this study is the manual labeling of comments, which may have introduced some
subjectivity into the sentiment classification process. Additionally, the dataset was limited to a specific time
period, which may not fully represent long-term sentiment trends or the impact of seasonal or recurring events.
Future studies could reduce bias by automating the labeling process and analyzing larger, more diverse datasets
collected over extended periods.

3.11. Recommendations for Future Research

Future research could explore more sophisticated machine learning models, such as support vector machines
(SVM) or deep learning techniques, to further improve classification accuracy and handle larger, more complex
datasets. Additionally, cross-platform sentiment analysis could provide a more comprehensive view of public
perception by comparing sentiment across various social media platforms, such as Twitter, Facebook, and
Instagram. Further studies could also examine the influence of different content types (e.g., achievements,
announcements, event promotions) on sentiment, enabling the development of more targeted and effective
content strategies.

4. CONCLUSION
This study successfully applied manual sentiment analysis using the Naive Bayes algorithm to analyze
Instagram comments from Universitas Widyagama’s official account (@uwg.malang). The analysis yielded
significant insights into the sentiment distribution and public perception:
1. Positive Sentiment Dominance:

With 92.59% of the comments categorized as positive, the findings suggest that Universitas
Widyagama has successfully fostered a favorable public image through its social media content. Posts
related to achievements, events, and academic milestones generated high levels of engagement and
admiration.

2. Low Negative Sentiment:
Negative sentiment accounted for only 1.23% of the total comments, indicating effective
communication strategies. Nevertheless, even minimal criticism highlights the importance of
addressing feedback promptly to maintain audience trust and satisfaction.

3. Effectiveness of Naive Bayes Analysis:
The manual application of the Naive Bayes algorithm proved reliable, achieving an accuracy of
93.75% in sentiment classification. This validates the algorithm’s utility for small-scale sentiment
analysis tasks, even without computational tools.

4. Strategic Implications:
Insights from the sentiment analysis can be leveraged to enhance content strategies, focusing on
content types that resonate with audiences while addressing areas of improvement highlighted by
neutral and negative sentiments.
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Future research should address current limitations, such as the small dataset size and manual analysis
method, by incorporating automated tools and analyzing data across multiple platforms and timeframes. These
advancements will enable broader and more nuanced insights into public sentiment, strengthening the
university’s strategic communication efforts.
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