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Abstract: Public sentiment expressed through social media is increasingly recognized as a potential factor
influencing higher education enrollment decisions. This study investigates whether sentiments on Twitter
regarding Universitas Budi Luhur correlate with the number of new student admissions. To achieve this, tweet
data were collected and analyzed using four supervised machine learning algorithms—Support Vector
Classifier (SVC), Naive Bayes, K-Nearest Neighbor (KNN), and Logistic Regression (LR)—combined with
two lexicon-based sentiment dictionaries: SentiWord and InSet. Experimental results demonstrate that the
SentiWord-based approach consistently outperformed the InSet-based approach across all models, with the
SVC-SentiWord combination achieving the highest F1-score of 0.86. Despite the strong performance of these
models in classifying sentiment, correlation analysis reveals no statistically significant relationship between
Twitter sentiment and actual student enrollment trends. These findings underscore the effectiveness of lexicon-
enhanced machine learning in sentiment analysis while raising important questions about the real-world impact
of online sentiment on university admissions. From a practical perspective, the findings of this study provide
valuable insights for university stakeholders, particularly in strategic decision-making related to promotion and
reputation management. The developed sentiment analysis model can be utilized to monitor public perception
in real time, identify emerging issues that may affect institutional image, and design more effective
communication strategies to enhance the university’s attractiveness and credibility among prospective students.

Keywords: social media, sentiment analysis, student enrollment, machine learning, support vector
classifier

1. Introduction

Universitas Budi Luhur (UBL) is a private higher education institution in Indonesia committed to
delivering quality education and fostering innovation. However, similar to many private universities
nationwide, UBL has faced a declining trend in new student admissions over the past several years. This pattern
aligns with national-level concerns reported by the Directorate General of Higher Education (DIKTI), which
indicate that private universities—constituting more than 95% of all higher education institutions in
Indonesia—are experiencing increasing pressure due to fluctuating enrollment numbers and a stagnating Gross
Enrollment Ratio (GER) of around 31-32% [1]. These indicators highlight the urgent need for private
institutions to strengthen their competitiveness, maintain financial sustainability, and improve public trust in
order to remain viable in an increasingly competitive educational landscape.
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Universitas Budi Luhur (UBL) is a private higher education institution in Indonesia committed to
delivering quality education and fostering innovation. Like many universities, UBL places great emphasis on
increasing the number of new student admissions each academic year as a measure of institutional growth and
sustainability. However, over the past five years, UBL has experienced a concerning downward trend in student
enrollment, particularly in the regular admission track (see Figure 1). This trend not only affects institutional
revenue but also poses challenges to maintaining competitiveness and public trust in the university's reputation.

In the era of digital communication, public perception has become a critical factor influencing students’
decision-making processes. Social media platforms, particularly Twitter, have emerged as real-time channels
where prospective students express their opinions about universities, academic programs, campus facilities,
and institutional reputation. Such sentiment expressions may shape or signal enrollment behaviors, making
them a potential early indicator of changes in student interest. However, despite the growing relevance of social
media sentiment, universities rarely utilize these digital signals in a systematic and data-driven manner to
support strategic enrollment management.

Understanding the root causes behind the decreasing in admissions has become an urgent strategic
priority. While various internal and external factors could be influencing this trend—such as program
relevance, tuition costs, or changes in demographics—public perception, especially as voiced through social
media, is an increasingly influential factor in shaping the decisions of prospective students. In the digital age,
platforms like Twitter serve as a real-time barometer of public sentiment, enabling institutions to capture and
respond to public opinion at scale.

This research hypothesizes that public sentiment expressed on Twitter toward UBL may have a
measurable impact on new student admissions. To test this hypothesis, we propose a data-driven approach that
leverages Machine Learning (ML) techniques for sentiment analysis. Specifically, we evaluate the performance
of several classification algorithms—Support Vector Machine (SVM), Naive Bayes, K-Nearest Neighbor
(KNN), and Logistic Regression—using two sentiment feature extraction approaches: a SentiWord and InSet
lexicon dictionary. These models classify social media posts into positive, negative, or neutral sentiments. The
resulting sentiment trends are then statistically correlated with actual enrollment data to examine whether a
significant relationship exists.

By combining natural language processing with predictive modeling, this study aims to offer both
practical and academic contributions. Practically, it provides university stakeholders with valuable insights into
how social media sentiment may shape enrollment patterns, supporting more targeted communication and
marketing strategies. Academically, the study contributes to the growing literature on the application of
machine learning in educational contexts—particularly in sentiment analysis for institutional decision-making.
Moreover, this methodology can serve as a model for other educational institutions facing similar enrollment
challenges in the digital era.
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Figure 1: Trends in new student admissions Caption of figure.



Existing studies in Indonesia have widely applied machine learning (ML) techniques to sentiment
analysis across various domains, including education, public policy, and institutional reputation. Recent studies
have demonstrated that public sentiment expressed via social media platforms can significantly influence
university perception and decision-making among prospective students [2]. In a similar vein, sentiment analysis
on Twitter has been proposed as an alternative indicator for evaluating institutional reputation [3]. Within the
Indonesian context, Widyayulianto et al. [4] applied deep learning techniques to assess Twitter sentiment about
Universitas Pertamina, highlighting the practical potential of machine learning for understanding public
opinion toward higher education institutions [4]. Table 1 presents recent research relevant to various methods
of sentiment analysis of social media data.

Table 1: Recent Research related to Sentiment Analysis Methods using a Machine Learning

approach
Method Pros Cons Recent Research
Support ?/Se\c/tli)/lr)Machine High accuracy Requires quite large data (51, 161, [[17 (])’] (81, 191
Naive Bayes Slmﬁlfpa;:i :ﬁfy to Lower accursa\clyli/lcompared to [11], [12[]i 5[]13], [14],
Deson e CIdcomle Loyersewy consd 10131, 17

Random Forest Requires quite large data [81, [18], [19], [20]
Huge amounts of data and
long training times are

required

High accuracy

Neural Network Very high accuracy [21], [22]

In addition to the methods used, the success of sentiment analysis also depends on how features are
extracted from the text data. Various methods of text feature extraction are widely used in various research.
Table 2 presents some popular text feature extraction methods among researchers.

Table 2: Text Feature Extraction Method on Social Media

Method Pros Cons Recent Research
Simple and easy to Does not consider the
Bag of Words (BoW) implement context of the word (23], [24]
Consider the context of the Still has the same
N-gram word weaknesses as Bow [25]. [26]
Take into account the
number of times a word Still has the same
TF-IDF appears and the number of  weaknesses as BoW and [23], [26], [27]
times a word appears n-gram
throughout the document
Word Embedding Consider the meaning of Requires quite large [26]
words data
Can produce complex and Huge amounts of data
Deep Learning P P and long training times [21], [28]

meaningful features

are required

The selection of the best feature extraction method for sentiment analysis depends on several

considerations. For simple data and small data volumes, simple feature extraction methods, such as BoW, can
provide sufficiently high accuracy. These methods are also relatively easy to implement and do not require
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long training times. For complex data and large volumes of data, more complex feature extraction methods,
such as deep learning, can provide higher accuracy. However, these methods also require longer training times.

Nevertheless, the majority of these studies focus only on classifying sentiments or describing sentiment
trends. Very few studies attempt to link sentiment data to real institutional outcomes, such as actual
student enrollment numbers. As a result, there remains a critical research gap: understanding whether public
sentiment on social media correlates with, or potentially influences, student admissions in Indonesian higher
education institutions—particularly within the private sector, where enrollment challenges are most pressing.

To address this gap, this study investigates whether public sentiment expressed on Twitter toward
Universitas Budi Luhur has a measurable relationship with new student enrollment trends. Using four
supervised machine learning algorithms—Support Vector Classifier (SVC), Naive Bayes, K-Nearest Neighbor
(KNN), and Logistic Regression—and two lexicon-based sentiment dictionaries (SentiWord and InSet), the
study analyzes sentiment patterns and correlates them with actual monthly enrollment data.

The novelty of this research lies in its integration of machine learning—based sentiment analysis with
institutional enrollment metrics, offering not only sentiment classification but also empirical evidence of
whether online sentiment reflects real-world admission outcomes. This approach moves beyond descriptive
analysis by positioning sentiment as a potential analytical tool for strategic decision-making in higher
education.

By providing insights into the relationship between public sentiment and student enrollment, this study
contributes both theoretically and practically. For researchers, it enhances the understanding of sentiment-based
behavioral indicators in educational contexts. For university stakeholders, it offers actionable knowledge for
monitoring public perception, refining communication strategies, and strengthening institutional
competitiveness amid declining enrollment trends.

2. Research Method

2.1 Research Methodology

This study adopts the Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology to
guide the research process. CRISP-DM provides a structured approach for carrying out data mining projects,
encompassing six key phases: Business Understanding, Data Understanding, Data Preparation, Modeling,
Evaluation, and Deployment. Figure 2 presents the stages of the CRISP-DM methodology.

1. Business Understanding: In this initial phase, the research aims and objectives are defined in alignment
with the university's goals and requirements. The focus is on understanding the business context and
determining how data mining can address the research problem of analyzing the impact of social media
sentiment on new student admissions at Universitas Budi Luhur. The primary objective of this study is to
examine whether public sentiment expressed on social media—specifically Twitter—has a measurable
relationship with new student enrollment at Universitas Budi Luhur (UBL).

2. Data Understanding: This phase involves collecting, exploring, and initial data preparation. Data sources,
including Twitter social media data, are identified and gathered. Exploratory data analysis techniques are
applied to gain insights into the characteristics of the data and to identify potential challenges and
opportunities for analysis.

3. Data Preparation: Data preprocessing tasks, such as cleaning, integration, and transformation, are
performed in this phase to ensure the data is suitable for analysis. Text data from social media sources are
preprocessed to remove noise, tokenize, and convert into a structured format for further analysis.

4. Modeling: Machine Learning models, including Support Vector Machine (SVM), Naive Bayes, K-Nearest
Neighbor (KNN), and Logistic Regression, are applied to the prepared data to build predictive models of
sentiment analysis. The models are trained on labeled data and tuned for optimal performance.

5. Evaluation: The performance of the developed models is evaluated using appropriate metrics, such as F1-
score, accuracy, and precision-recall curves. The models are assessed for their ability to accurately classify
sentiment in social media data and their suitability for predicting new student admissions trends.



6. Deployment: In this final phase, the findings and insights obtained from the analysis are presented to
stakeholders, including university administrators and marketing teams. Recommendations for strategic
decision-making and future actions are provided based on the results of the sentiment analysis.

Deployment
Define research Collect and Clean and Apply machine  Assess model  Present findings
goals to analyze  explore Twitter preprocess social learning performance using  and strategic
the impact of data to media text data to algorithms—SVM, metrics like F1- recommendations
social media understand its  convertitintoa Naive Bayes, KNN,  score and to university
sentiment on new characteristics and structured format  and Logistic accuracy to stakeholders
student identify analysis ~ for modeling ~ Regression—to evaluate based on
admissions at UBL  challenges build sentiment sentiment  sentiment analysis
classification classification results
models accuracy

Figure 2: Research methodology [29]

2.2 Dataset

The dataset for this research was meticulously constructed from Twitter, a prominent social media
platform, with data collected over the period from January 2022 to December 2022. The data collection process
targeted tweets containing specific keywords associated with "Universitas Budi Luhur" and "Budi Luhur".

The dataset for this research was meticulously constructed from Twitter, a prominent social media
platform, with data collected over the period from January 2022 to December 2022. The data collection process
targeted tweets containing specific keywords associated with "Universitas Budi Luhur" and "Budi Luhur".

1. Data Source: Twitter was selected as the primary data source due to its extensive user base and the
abundance of user-generated content relevant to our research objectives.

2. Data Collection Period: The data collection was conducted over the course of one year, spanning from
January 2022 to December 2022. This duration was chosen to capture a comprehensive snapshot of public
sentiment over an extended period.

3. Keywords Used: The keywords employed for data collection were "Universitas Budi Luhur" and "Budi
Luhur". These keywords were carefully chosen to target discussions and mentions specifically related to
Budi Luhur University.

4. Data Acquisition: The data acquisition process yielded a total of 1686 tweets containing the keyword
"Budi Luhur" and 253 tweets containing the keyword "Universitas Budi Luhur". This resulted in a
combined total of 1939 tweets.

5. Data Cleansing: Subsequently, the collected dataset underwent a rigorous cleansing process to enhance
its quality and relevance. This cleansing process involved several steps, including the removal of duplicate
tweets, elimination of retweets, and filtering out of non-English tweets.

After the cleansing process, the dataset was refined to 1526 tweets, ensuring that only relevant and high-
quality data were retained for further analysis. Table 3 provides a summary of the data acquisition process,
including the number of tweets obtained for each keyword and the resulting number of tweets after the cleansing
process.

Table 3 : Summary of Data Acquisition and Cleansing

# Keyword Total Tweets Obtained Cleansed Tweets
1. “Budi Luhur” 1686 1301
2 “Universitas Budi Luhur” 253 225

TOTAL 1939 1526
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It is evident that the majority of tweets were collected using the keyword "Budi Luhur", contributing
1686 tweets to the dataset. After cleansing, 1301 tweets remained for analysis. Additionally, 253 tweets were
obtained using the keyword "Universitas Budi Luhur", with 225 tweets remaining after cleansing.

The cleansing process was crucial in ensuring the quality and relevance of the dataset, as it eliminated
duplicate tweets, retweets, and non-Indonesian content. The resulting dataset of 1526 tweets serves as the
foundation for subsequent analysis and modeling efforts, providing a focused and reliable dataset for sentiment
analysis regarding Budi Luhur University on Twitter during the specified time frame. Figure 3 presents
preprocessing steps :

Text Normalization:

3 Data Cleaning: remove casefolding slang i
SR duplicates r:*rweets COl‘J.\rCISgl o1, ‘ Jokeiination
4 . t 4 on, - - -
Dataset » ; . "l : »  using NLTK
URLSs, mentions, emoji punctuation

removal, stopword
filtering

v
F Lexicon-based
Train—T: nli Feature
[rain-Test Split e i
(80/20) f < Extraction (TF- < 1..Jbe|11fg ‘(II‘JSeL
IDF Vectorizer) SentiWord)

Figure 3: Preprocessing steps

Based on Figure 3, this is the preprocessing steps which consists of : cleaning: Removal of URLs,
hashtags, mentions, emojis, duplicates, and retweets. Case Folding: Converting all tokens to lowercase.
Stopword Removal: Using NLTK’s Indonesian stopword list. Tokenization: Splitting sentences into tokens
using NLTK tokenizer. Normalization: Handling slang/abbreviations common in Indonesian tweets. Lexicon-
based Labeling: Two lexicons used: InSet and SentiWord and Sentiment scores computed using equations (1)—
(3). Feature Extraction: TF-IDF vectorizer used to transform text into numerical features. Dataset Splitting:
80% for training; 20% for testing.

2.3 Data Labeling

The text data labeling process using the lexicon dictionary approach involves the use of a list of words
that have been labeled with sentiment categories (such as positive, negative, or neutral) to determine the
sentiment of the text. Labeling is performed using the lexicon method. Determination is made on text data in
the form of sentences containing words from the lexicon dictionary, which consists of negative and positive
words. Words identified in the lexicon dictionary are scored based on the number of occurrences in each text
or sentence.

n
Spositive = Z(pOSitif score ;) €Y
i€t
n
Snegative = Z( negative score ;) (2)
i€t

The text labeling process using the lexicon dictionary is based on Equation 1 and Equation 2. According
to these equations, Spositive represents the weight of the sentence obtained by summing the scores of positive
opinion words (Snegative), and Snegative is the weight of the sentence obtained by summing the scores of
negative opinion words. From the equation, the sentiment value in one sentence is obtained, and then Equation



3 is derived to determine the sentiment orientation by comparing the total values of positive, negative, and
neutral.

pOSitive if Spositive > Snegative
Sentencesentiment = neutral if Spositive = Snegative 3
negative if S,ositive > S negative

If a text contains more positive words than negative words, the text data will be labeled as having a
positive sentiment. If a text contains fewer positive words than negative words, the text data will be labeled as
having a negative sentiment. If a text contains an equal number of positive and negative words, the text data
will be labeled as having a neutral sentiment. This description outlines the labeling criteria based on the
comparison of positive and negative word counts within a text. It clarifies that the sentiment label (positive,
negative, or neutral) is determined by the relative frequency of positive and negative words in the text.

For the labeling process, this research utilized two lexicon dictionaries, namely the InSet dictionary and
the SentiWord dictionary. InSet is a lexicon dictionary containing words labeled with sentiment categories,
such as positive, negative, or neutral. This dictionary is specifically designed for sentiment analysis tasks and
is tailored to capture sentiment in Indonesian language text data. It provides a comprehensive list of words
along with their sentiment labels, facilitating the sentiment analysis process.

Meanwhile, the SentiWord is a lexicon dictionary used to label sentiment in Indonesian text. This
dictionary contains a list of words annotated with corresponding sentiment values, such as positive, negative,
or neutral. SentiWord enables researchers and practitioners in sentiment analysis to identify the sentiment
contained within Indonesian language texts. Table 4 and Table 5 present statistics on words in the two
dictionaries along with their weighting.

Table 4: InSet Lexicon Weighting

Positive Negative
Score Amount Score amount
1 546 -1 263
2 660 -2 578
3 1353 -3 2573
4 870 -4 1980
5 180 -5 1215
Table 5: SentiWord Lexicon Weighting
Positive Negative
Score Amount Score Amount
1 55 -1 134
2 30 -2 232
3 123 -3 315
4 268 -4 462
5 41 -5 69

3. Results

This research compares four Machine Learning methods: K-Nearest Neighbors (KNN), Logistic
Regression, Multinomial Naive Bayes, and Support Vector Classifier. Each of these methods is applied to the
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dataset labeled with the InSet and SentiWord lexicon dictionaries. KNN is a non-parametric classification
algorithm that assigns a class label to a data point based on the majority class among its k nearest neighbors. It
is simple to implement and suitable for datasets with small to moderate sizes. Logistic Regression is a statistical
model used for binary classification tasks. It estimates the probability that a given input belongs to a certain
class using a logistic function. It is widely used due to its simplicity and interpretability.

Multinomial Naive Bayes is a probabilistic classification algorithm based on Bayes' theorem with strong
independence assumptions between features. It is particularly suited for text classification tasks, such as
sentiment analysis. SVC is a supervised learning algorithm that finds the optimal hyperplane in a high-
dimensional space to separate data points into different classes. It is effective in handling high-dimensional
data and is often used in sentiment analysis tasks.

In this research, each of these Machine Learning methods is trained and evaluated using the dataset
labeled with both the InSet and SentiWord lexicon dictionaries. By comparing the performance of these
methods on the labeled dataset, the research aims to identify the most effective approach for sentiment analysis
in the context of Universitas Budi Luhur mentions and discussions in Indonesian languages.

3.1 Logistic Regression

The logistic regression method is a machine learning technique for classification tasks. Its steps include:
first, data collection consisting of features and class labels. Second, data preprocessing such as normalization
or standardization of features, handling missing values, and splitting data into training and testing sets. Third,
initialization of model parameters, typically with random or zero values. Fourth, model training using
optimization algorithms such as gradient descent to optimize the loss function, which in logistic regression
usually employs the log-loss function. Fifth, model evaluation using metrics such as accuracy, precision, recall,
or area under the ROC curve (AUC-ROC) depending on the application context. And sixth, the use of the
trained model to make predictions on new data or implementation in relevant applications.

Table 6: Modeling results using the Logistic Regression method

Lexicon Dictionary Accuracy Precision Recall F1-score
Sentiword 0.83 0.85 0.83 0.81
InSet 0.81 0.83 0.81 0.80

From the data used in this research, the results of modeling with the Logistic Regression method can be
seen in Table 6. Based on Table 6, this method yields similar results to the performance evaluation using the
Sentiword and InSet lexicons. In both lexicons, Logistic Regression produces high accuracy, with Sentiword
slightly higher (0.83) than InSet (0.81). This indicates that the Logistic Regression model is capable of
classifying data well using both lexicons. Additionally, in both Sentiword and InSet, the Logistic Regression
model demonstrates high precision, meaning the model tends to reduce false positives. Then, Sentiword's recall
is slightly higher than InSet. And also, Sentiword's F1-score (0.81) is higher than InSet (0.80), indicating a
better balance between precision and recall when using Sentiword with the Logistic Regression model.
Therefore, overall, the Logistic Regression model provides satisfactory and effective results in classification
using both evaluated lexicons.

3.2 K-Nearest Neighbors (KNN)

The K-Nearest Neighbors (KNN) method is a learning algorithm that utilizes the distance between data
to classify or regress new instances. Its steps include: first, selecting the parameter k, which is the number of
nearest neighbors to be used for classifying the new instance. Second, calculating the distance between the new
instance and every data point in the training set using a specific distance metric such as Euclidean distance or
Manhattan distance. Third, selecting the k nearest neighbors based on these distances. Fourth, for classification,
choosing the most common class among these neighbors, while for regression, calculating the average or



median of the target values of these neighbors. And fifth, assigning the class or regression value of the new
instance based on the majority class or value.

Table 7: KNN method modeling results

Lexicon Dictionary Accuracy Precision Recall Fl1-score
Sentiword 0.81 0.83 0.81 0.80
InSet 0.79 0.82 0.79 0.77

Based on Table 7, the SentiWord method exhibits the highest accuracy (0.81) among the two lexicon
dictionaries compared, followed by InSet with an accuracy of 0.79. The SentiWord also demonstrates slightly
higher precision (0.83) compared to InSet (0.82), indicating that SentiWord tends to produce fewer false
positives. Nevertheless, SentiWord boasts a higher recall (0.81) than InSet (0.79), signifying that SentiWord is
generally better at identifying positive cases overall. Overall, the F1-score of SentiWord (0.80) is slightly higher
than InSet (0.77), indicating a better balance between precision and recall with SentiWord. Therefore, based
on this performance evaluation, the SentiWord method may be superior in the given context.

In summary, while InSet exhibits marginally higher precision, SentiWord offers a better balance
between precision and recall, ultimately leading to a higher F1-score. This suggests that SentiWord is more
effective overall in correctly identifying positive sentiment instances, making it a preferable choice for
sentiment analysis tasks within the specified context.

3.3 Multinomial Naive Bayes

The Multinomial Naive Bayes method is a machine learning technique commonly used for text
classification and categorical data. Its steps include: first, data collection of text and preprocessing, including
steps such as tokenization (splitting text into words or tokens), punctuation removal, and normalization (e.g.,
converting all letters to lowercase). Second, building a model based on the Naive Bayes assumption, where it
is assumed that each feature (word in the case of text classification) is independent of each other with respect
to its class. Third, calculating prior probabilities for each class based on the frequency of class occurrences in
the training data. Fourth, calculating conditional probabilities of each word in each class, which is the
probability of a word appearing in a certain class divided by the total number of words in that class. Fifth, when
test data is input, the model uses prior probabilities and conditional probabilities to predict the class of the test
data. And sixth, evaluating the model's performance using metrics such as accuracy, precision, recall, or F1-
score, depending on the application context.

Table 8: Modeling results of the Multinomial Naive Bayes method

Lexicon Dictionary Accuracy Precision Recall Fl1-score
Sentiword 0.85 0.85 0.85 0.84
InSet 0.82 0.83 0.82 0.82

From the data used in this research, the results of modeling with the Multinomial Naive Bayes method
can be seen in Table 8. Based on Table 8, the model performance is similar between the two evaluated lexicons.
In both Sentiword and InSet, the Multinomial Naive Bayes model demonstrates high accuracy, with Sentiword
having a slight advantage (0.85) compared to InSet (0.82). The precision obtained from both is also quite high,
with almost the same values for Sentiword (0.85) and InSet (0.83), indicating the model's ability to minimize
false positives. Although Sentiword's recall (0.85) is slightly higher than InSet (0.82), Sentiword's F1-score
(0.84) is also slightly higher than InSet (0.82), indicating a better balance between precision and recall when
using Sentiword with the Multinomial Naive Bayes model. Therefore, overall, the Multinomial Naive Bayes
model provides consistent and effective results in classification using both evaluated lexicons.
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3.4 Support Vector Classifier (SVC)

The Support Vector Classifier (SVC), also known as the Support Vector Machine (SVM) in
classification cases, is a machine learning technique used for data classification. Its steps include: first, data
collection consisting of features and class labels. Second, preprocessing data such as normalization or
standardization of features, handling missing values, and splitting data into training and testing sets. Third,
selecting an appropriate kernel to map the data into a higher-dimensional feature space. Commonly used kernels
include linear, polynomial, radial basis function (RBF), or sigmoid. Fourth, training the model by finding the
best hyperplane that separates instances from different classes in the feature space with maximum margin
and/or handling class imbalance cases by adjusting class weights. Fifth, evaluating the model using metrics
such as accuracy, precision, recall, or area under the ROC curve (AUC-ROC) depending on the application
context. And sixth, using the trained model to make predictions on new data or implementing it in relevant
applications.

Table 9: Modeling results of the Support Vector Classifier (SVC) method

Lexicon Dictionary  Accuracy Precision Recall F1-score
Sentiword 0.86 0.86 0.86 0.86
InSet 0.84 0.85 0.84 0.84

Based on Table 9, the modeling results using the Support Vector Classifier (SVC) method show good
performance for both evaluated lexicons. SVC provides high accuracy, with a value of 0.86 for Sentiword and
0.84 for InSet, as well as reasonably high precision, namely 0.86 for Sentiword and 0.85 for InSet, indicating
the model's ability to reduce false positives. Although Sentiword's recall is slightly higher than InSet, resulting
in a higher Fl-score for Sentiword (0.86) compared to InSet (0.84), indicating a better balance between
precision and recall when using Sentiword with the SVC model. Therefore, overall, the SVC model delivers
excellent results in classification using both evaluated lexicons, with superior performance especially when
used with the Sentiword lexicon.

4. Discussion

Table 10 presents the comparison results of the evaluated methods including Logistic Regression, K-
Nearest Neighbors (KNN), Multinomial Naive Bayes, and Support Vector Classifier (SVC). The higher the
accuracy value, the better the model predicts sentiment. In this experiment, SVC using SentiWord has the
highest accuracy (0.86), while KNN using InSet has the lowest accuracy (0.79). High precision indicates that
the model has few false positives. In this table, SVC using SentiWord has the highest precision (0.86). High
recall indicates that the model has few false negatives. Then, SVC using SentiWord also has the highest recall
(0.86).

Table 10 : Comparison of Logistic Regression, KNN, Multinomial Naive Bayes and SVC methods

Lexicon Method Accuracy Precision Recall F1-score

SentiWord  Logistic Regression 0.83 0.85 0.83 0.81
KNN 0.81 0.83 0.81 0.80
Multinomial Naive 0.85 0.85 0.85 0.84
Bayes
Support Vector 0.86 0.86 0.86 0.86
Classifier

InSet Logistic Regression 0.81 0.83 0.81 0.80
KNN 0.79 0.82 0.79 0.77
Multinomial Naive 0.82 0.83 0.82 0.82
Bayes
Support Vector 0.84 0.85 0.84 0.84

Classifier
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Figure 4: Relationship between positive and negative sentiment and the number of student enrollment

From Table 10, it is evident that in the evaluation of model performance using various machine learning
methods and different lexicons, the Support Vector Classifier (SVC) model exhibits the most consistent and
superior performance overall. Both with the SentiWord and InSet lexicons, the SVC model achieves high
accuracy (0.86 and 0.84), high precision (0.86 and 0.85), sufficiently high recall (0.86 and 0.84), and good F1-
score (0.86 and 0.84). This demonstrates SVC's capability to produce consistent and effective results in
classification under various conditions and using different lexicons. However, the Logistic Regression model
on the SentiWord lexicon also yields good results, with high accuracy, precision, recall, and Fl-score.
Additionally, Multinomial Naive Bayes also demonstrates good performance, especially in terms of precision
and Fl-score. Nevertheless, overall, SVC stands out as the most consistent and superior choice in this
evaluation.

Figure 4 presents a time series comparison between public sentiment on social media and the number
of new student registrants at Universitas Budi Luhur throughout the year. The number of registrants exhibits
significant fluctuation, with a sharp increase in June followed by a steep decline from July to September. In
contrast, both positive and negative sentiment levels remain relatively stable across all months, showing only
minor variations within a narrow range of scores (approximately 40 to 80). This suggests that public sentiment,
as expressed on Twitter, remained generally constant regardless of changes in admission numbers.

Despite the strong model performance, the correlation analysis demonstrates no statistically significant
relationship between monthly Twitter sentiment and new student enrollment at Universitas Budi Luhur. This
outcome diverges from several studies conducted in international settings, where sentiment has been shown to
influence educational decision-making. Several factors may explain the insignificance of the correlation: (1)
university enrollment decisions in Indonesia are influenced more strongly by structural and institutional
variables—such as tuition fees, program relevance, accreditation, and scholarship availability—than by general
online sentiment; (2) Twitter users represent a broad public audience rather than prospective students
specifically; (3) sentiment fluctuations do not necessarily align with the academic admission cycle; and (4) the
sentiment dataset is relatively small and limited to a single platform. These factors collectively reduce the
likelihood that Twitter sentiment alone would meaningfully correlate with actual enrollment outcomes.

The observed pattern provides empirical support for the correlation analysis conducted in this study,
which found no statistically significant relationship between social media sentiment and student enrollment
figures. Notably, the highest registration month (June) did not coincide with any substantial rise in positive
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sentiment, nor did the decline in registrants align with a surge in negative sentiment. These findings indicate
that while sentiment analysis can effectively capture public perception, it may not be a strong predictor of actual
enrollment behavior. Other variables—such as academic schedules, marketing campaigns, scholarship offers,
or changes in admission policies—are likely to have a more pronounced influence on prospective students'
decisions. Therefore, sentiment analysis should be viewed as a complementary tool rather than a primary
indicator in predicting university admissions trends.

5. Conclusion

Based on the experimental results using both SentiWord and InSet lexicon dictionaries, the Support
Vector Classifier (SVC) achieved the highest performance among all models tested, with F1-scores of 0.86 for
SentiWord and 0.84 for InSet. These findings suggest that SVC is a strong candidate for sentiment analysis
tasks where a balance between precision and recall is critical. While Logistic Regression also showed
competitive results, SVC consistently outperformed across both lexicons, particularly when paired with the
more robust SentiWord dictionary.

However, despite the successful classification of sentiment from Twitter data, the correlation analysis
revealed no statistically significant relationship between public sentiment on social media and the number of
new student admissions at Universitas Budi Luhur. This indicates that social media sentiment, although
measurable and classifiable, does not directly influence university enrollment trends. Consequently, institutions
should interpret online sentiment as a complementary indicator rather than a decisive factor in admissions
forecasting. When selecting machine learning models and sentiment lexicons, considerations such as domain
relevance, scalability, and computational resources remain important, but they should be aligned with realistic
expectations regarding the actual impact of public sentiment on enrollment behavior.

This study acknowledges several limitations: the dataset is relatively small; it relies solely on Twitter
data; the analysis is based on a single institutional case; and lexicon-based labeling may not fully capture
linguistic nuances such as sarcasm. Future research may expand the dataset across multiple platforms, integrate
deep-learning—based sentiment representations, and compare results across several universities to enhance
generalizability.

In summary, while Twitter sentiment shows no significant correlation with student enrollment, the
sentiment model remains useful for monitoring public perception and supporting strategic communication. The
findings underscore the importance of combining sentiment metrics with broader institutional data when
developing predictive or diagnostic tools for enrollment management.
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