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BERTopic for Public Health Issues
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Abstract

Background: Public health challenges in Indonesia continue to expand across areas such as mental
health, chronic diseases, vaccination debates, and environmental issues. Specific background: The
rapid use of platform X provides large-scale public discourse that can be analyzed to understand real-
time health discussions. Knowledge gap: Limited studies integrate advanced sentiment and topic
modeling tailored to informal Indonesian social media language. Aims: This study analyzes public
health conversations on platform X using IndoBERTweet for sentiment classification and BERTopic
for topic extraction. Results: From 6,740 processed tweets, neutral sentiment dominated public
discussions, while topic modeling produced 44 themes, with mental well-being, vaccination debates,
chronic disease concerns, and regional disease reports emerging as key issues. IndoBERTweet
demonstrated reliable performance (Weighted F1-Score 0.7822), and BERTopic produced coherent
and diverse topics. Novelty: This research combines IndoBERTweet and BERTopic to generate a
contextual, adaptive, and real-time mapping of public health discourse in Indonesia. Implications:
The findings support data-driven health policymaking, enabling authorities to monitor public
perceptions, strengthen communication strategies, and design region-specific interventions.

Highlights

Public conversations emphasize mental health and lifestyle-related issues.
*

. Topic modeling identifies diverse clusters, including vaccination debates and endemic diseases.

+ Integrated sentiment—topic analysis enables real-time mapping of health discussions in
Indonesia.
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I. Introduction

Public health in Indonesia has faced increasingly complex challenges in recent years. The problems are no longer limited to
infectious diseases but have expanded to include non-communicable diseases, nutrition, mental health, and environmental
factors. Based on data from the Ministry of Health, the prevalence of stunting among children under five still reached 21.6%
in 2022, a figure higher than the WHO standard [1]. Stunting not only reflects nutritional deficiencies but also indicates the
social and economic conditions th the community that are not yet optimal. Therefore, addressing health problems requires a
multidisciplinary and cross sectoral approach to ensure sustainable solutions. In addition, non communicable diseases have
increased significantly. The 2023 Indonesia Health Profile recorded a hypertension prevalence of 34.1% and diabetes mellitus
of 10.0% among the adult population [2]. This condition is related to modern lifestyles such as lack of physical activity,
consumption of foods high in sugar and salt, and social pressures in urban areas [3]. If this trend continues, Indonesia could
face an increase in healthcare costs and a decline in the productivity of the working-age population nationwide.

Mental health issues have also become a global concern. The World Mental Health Report shows that more than one billion
people worldwide experience mental disorders, with depression and anxiety being the most common [4]. In Indonesia, this
issue is often not accurately recorded due to strong social stigma, making mapping and intervention difficult to implement
[5]. Yet, mental health is an important factor in determining the quality of productive human resources in the future.

Environmental factors also worsen public health conditions. The Better Air, Better Indonesia report shows that PMz2.5
concentrations in major cities such as Jakarta are still far above the limits recommended by WHO [6]. This increases the risk
of chronic respiratory diseases and cardiovascular disordes [7]. Therefore, the public health approach must be
comprehensive, encompassing the dimensions of nutrion, non communicable diseases, mental health, and the environment.

The advancement of digital technology presents new opportunities in analyzing public health issues. Social media,
particularly the social media platform X (Twitter), has become a public space where people express opinions, share
experiences, and respond to health policies [8]. Based on the 2023 DataReportal report, the number of active users of
platform X in Indonesia has reached millions, making it a potential data source for understanding public sentiment in real
time [9]. Compared to conventional surveys, social media analysis offers speed and dynamism in capituring public
perceptions.

Several previous studies have utilized data from social media C for social and health analysis. indoBERTweet, a pre trained
language model developed specifically for data from the Indonesian-language X platform, has proven effective in sentiment
classification and hate speech detection [10]. [11]. Meanwhile, the BERTopic method can extract dominant topics with high
coherence from in depth analysis of public health issues. However, the characteristics of platform X, which are rich in
informal language, abbreviations, and code mixing, remain a challenge in data processing [13].

IndoBERT weet was developed to handle informal language styles on social media, making it superior to general language
models in understanding social contect [14]. On the other hand, BERTopic combines classical methods such as LDA [15]. The
combination of the two enables a more comprehensive and socially contextual ana;ysis of public health trends in Indonesia,

Based on this background, this study aims to analyze public health trends in Indonesia using data from social media X
through the fine tuning approach of IndoBERTweet and the BERTopic method. The research results are expected to provide
insights for policymakers, academics, and health practitioners, as well as enrich Natural Language Processing (NLP) studies
in the context of social media-based public health. The novelty value of this research lies in the integration of two advanced
approaches, IndoBERTweet and BERTopic, to produce a contextual, adaptive, and real-time data-based mapping of public
health trends.

Study of Literature
1. Text Mining

Text mining is the process of discovering patterns or information from large amounts of textual data, whether unstructured or
semi-structured [16]. Text mining is a variation of data mining and is commonly used for text categorization, text clustering,
and sentiment analysis [17]. The stages in the text mining process include:

a. Text Processing

The initial stage includes case folding, tokenization, stemming, and tagging.

b. Feature Selection

Selecting relevant features, including stopword removal to eliminate unimportant words.

c. Text Representation

Transforming textual data into a more processable form, for example using vector representation.
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d. Application of Text Mining Techniques
Applying specific methods to extract information from the processed textual data.
2. Sentiment Analysis

Sentiment analysis is the process of identifying public opinions, judgments, attitudes, and emotions toward a specific object,
such as policies, public services, or health issues, which are often discussed on social media [18]. As part of opinion mining,
sentiment analysis is defined as an automated process to extract and process textual data to obtain sentiment information
contained in opinions, which are classified as positive, negative, or neutral. One of the tools used in sentiment analysis is
IndoBERTweet. IndoBERTweet is a pre-trained language model specifically designed to handle the characteristics of informal
language, abbreviations, and code-mixing that frequently appear on social media [19]. This model is adapted to the context of
sentiment analysis on specific issues to produce accurate sentiment classification.

3. Topic Modelling

Topic modeling is a text analysis process that uses statistical methods to uncover hidden themes and relationships among
them [20]. Since it does not require prior data or document labeling, topic modeling is classified as unsupervised learning. Its
main function is to help organize, search, and summarize large collections of unstructured documents. One effective modern
method is BERTopic, which combines embedding, clustering, and class-based TF-IDF techniques to extract topics; for
instance, this method has been successfully applied to Indonesian-language tweets [21].

II. Method

This research was conducted using a data-driven approach to analyze public health trends in Indonesia using data from social
media platform X. The study was carried out using Colab as the main development environment because it supports large-
scale data processing, GPU acceleration, and integration with Python libraries for Natural Language Processing (NLP) and
topic modeling [22], [23]. The research framework consists of several stages, namely Data Collection, Data Preprocessing,
Data Labeling, fine-tuning the IndoBERTweet model, Topic Modeling (BERTopic), and Model Evaluation.

FINE-TURNING
(IndoBERTweet)

DATA COLLACTION DATA LABELING

MODELING TOPICS

Model Evaluation (BERTopic)

Figure 1. Research Framework
1. Data Collection

The dataset used was obtained through the platform-X Application Programming Interface (API) for the period of January to
July 2025 via data scraping, focusing on Indonesian-language tweets. The keywords used included “covid,” “corona,”
“vaksin,” “flu,” “demam berdarah,” “tuberkulosis,” “obesitas,” “mental health,” and “kesehatan jiwa” The collected tweets
were filtered to remove retweets and irrelevant content, then stored in CSV format for further analysis [24]. This method
aligns with recent studies that utilize social media data to monitor health trends and public opinion.

2. Data Preprocessing

The preprocessing stage aims to clean and transform raw data into an analyzable form. This process includes case folding,
text cleansing, tokenizing, normalization, and stopword removal. The implementation was carried out using Python libraries
such as Sastrawi, Regex, and NLTK in Colab. The detailed stages are as follows:
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CASE
FOLDING CLEANSING

Stopword TOKENIZINE
Removal

Figure 2. Data Preprocessing

a. Case Folding — Converting all letters to lowercase for text consistency.

b. Cleansing — Removing URLs, mentions, hashtags, emojis, special characters, and duplicate tweets.
c. Tokenizing — Splitting sentences into words or tokens.

d. Normalization — Converting informal or slang words into standard words.

e. Stopword Removal — Removing less meaningful words using an Indonesian stopword list.

Raw data
pagi ini saya demam tdk jd perjalanan #rsj #fever#muterline @radioelshinta
https://t.co/evigkgf4pm
Cleansing result
pagi ini saya demam tdk jd perjalanan #rsj #fever @radioelshinta
https://t.co/evigkgf4pm
Cleansing result
pagi ini saya demam tdk jd perjalanan
Tokenizing result
'pagi’, 'ini', 'saya’, 'demam’, 'tdk’, 'jd', 'perjalanan’
Slangword conversion result
'pagi', 'ini', 'saya’, 'demam’, **'tidak'**, **'jadi'**, 'perjalanan’
Stopword removal result
'pagi’, 'demam’, 'tidak’, '

jadi', 'perjalanan’

Table 1. Data Processing Example
3. Data Labeling

The data labeling stage was carried out to assign sentiment labels (positive, negative, and neutral) that serve as the foundation
for the fine-tuning process of the IndoBERTweet model. This process fully utilized the wiiwo/indonesian-roberta-base-
sentiment-classifier model, which has been trained to analyze sentiment in Indonesian-language social media texts. The
model automatically assigns a label to each tweet based on the sentence context and the emotional expressions contained
within it. This automatic labeling approach was chosen because it accelerates the annotation process while providing
consistent results for large-scale data. Furthermore, the wiiwo model is known to be effective in understanding informal
language characteristics, abbreviations, and code-mixing commonly used by Indonesian social media users [25].

4. Fine-Tuning (IndoBERTweet)

After preprocessing, the next step is fine-tuning the IndoBERTweet model, a transformer model pre-trained on Indonesian-
language texts from platform X. Fine-tuning is performed to adapt the model to the context of sentiment analysis related to
public health issues. This process includes dataset splitting (train-test), tokenization using the IndoBERTweet tokenizer,
model training, and evaluation [26]. This model was chosen because it demonstrates superior performance in understanding
informal language, abbreviations, and code-mixing that frequently appear on social media.
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5. Modelling Topics (BERTopic)

The next stage is topic modeling using BERTopic, which combines transformer embeddings, dimensionality reduction
(UMAP), and clustering (HDBSCAN) to identify dominant topics from tweets. The preprocessed tweets are transformed into
embeddings using IndoBERTweet, then processed with BERTopic to extract public health themes and trends. The resulting
topics are visualized using Plotly and Matplotlib to facilitate the analysis of public discussion patterns.

6. Model Evaluation

To ensure the reliability of the developed model, a comprehensive evaluation was conducted, divided into two parts: the
evaluation of the sentiment classification model (IndoBERTweet) and the evaluation of the topic modeling quality
(BERTopic).

a. Sentiment Classification Evaluation (IndoBERTweet)

The performance of the sentiment model was measured using standard classification metrics derived from the Confusion
Matrix (TP, TN, FP, FN). These metrics were reported as Weighted Average values for multi-class classification (Positive,
Negative, Neutral) [27]:

TP+ TN
TP+ TN+TP + FP

(1)

Accuracy =

Accuracy aims to measure the ratio of total correct predictions (both True Positives and True Negatives) to the total number
of tested data.

TP
TP + FP

(2)

Precision =

Precision aims to measure the model’s reliability in predicting a specific class, which is the ratio between correct predictions
for that class and the total predictions made for that class.

TP
Recall = ——
TP + FN

(€))]

Recall aims to measure the model’s ability to identify all actual cases belonging to a specific class, which is the ratio of
correctly captured cases to the total actual cases of that class.

P isi R 1)
F1 — Score = 2 X recision X Reca. (4)

Precision + Recall

F1-Score aims to measure the balance and combined performance between Precision and Recall, calculated as the harmonic
mean of the two metrics, which is highly relevant for imbalanced datasets.

b. Topic Modeling Quality Evaluation (BERTopic)
The quality of topics is measured using standard intrinsic metrics to assess topic interpretability and distinctiveness [28]:
Coherence Score = C, 5)

Coherence Score aims to measure the semantic clarity of keywords within a topic. This metric evaluates how closely related
the words are within the same topic. A high Coherence Score indicates that the topics generated by the model are easy to
interpret.

. . The number of unique words in the top N words of all topics.
Diversity Score = - - (6)
The total number of words in the top N words of all topics

Diversity Score aims to measure the uniqueness and distinctiveness between topics. This metric is calculated as the ratio of
the number of unique words across all top topics to the total number of words (including duplicates) across all topics. A high
Diversity Score (close to 1.0) indicates that the topics generated by the model are diverse and not merely repetitions of the
same keywords.

III. Result and Discussion
1. Dataset Description and Preprocessing Results

The results of public conversation data collection from platform X related to public health issues, conducted between January
and July 2025, show that a total of 8,131 tweets were initially obtained. After undergoing the preprocessing steps described in
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the previous section (Data Preprocessing and Data Labeling), 6,740 tweets were deemed valid and used as the final dataset for
modeling. The sentiment labeling distribution of these 6,740 data points is summarized in Figure 3.

Distribusi Sentimen
3843 (57.0%)

4000 A
3500 A
3000
2500+

2093 (31.1%)
2000 A

Jumlah Data

1500

1000 {
804 (11.9%)

500

T T T
NEGATIVE NEUTRAL POSITIVE
Sentiment Label

Figure 3. Sentiment Label Distribution

Based on Figure 3, the NEUTRAL sentiment class is the most dominant, accounting for 57.02% (3,843 tweets) of the entire
dataset. This dominance implies that most public interactions on X regarding health issues tend to focus on sharing factual
information and asking questions. The NEGATIVE sentiment class holds the second-largest portion, at 31.05% (2,093
tweets), indicating that about one-third of the discussions carry significant tones of criticism, disappointment, or public
concern. Meanwhile, the POSITIVE sentiment represents the smallest portion, only 11.93% (804 tweets), suggesting that
explicit expressions of support or appreciation are relatively rare. The imbalanced distribution, particularly the dominance of
Neutral sentiment, is an important factor considered during the fine-tuning process of the IndoBERTweet sentiment
classification model.

2. Sentiment Classification Evaluation Results (IndoBERTweet)

Quantitative evaluation of the IndoBERTweet model, which has been fine-tuned in the context of public health sentiment
issues, demonstrates strong predictive performance on the testing data. The evaluation metrics presented in Table 2 use a
Weighted A verage approach to ensure objective measurement, considering the imbalanced distribution of sentiment classes
as discussed in (Dataset Description and Preprocessing Results). The model achieved an Accuracy of 0.7574 (75.74%) and a
Weighted F1- Score of 0.7822. the higher Weighted Precision (0.7980) compared to Weighted Recall (0.7782) indicates that
the model tend to produce accurate positive predictions. Overall, these results confirm that IndoBERTweet is effective in
understanding the informal language characteristics and code-mixing commonly used on the Twitter platform.

Metrix Nilai
Accuracy 0.7574
Weighted Precision 0.7990
Weighted Recall 0.7574
Weighted F1-Score 0.7574

Table 2. IndoBERTweet Model Perfomance Metrics (Weighted Average)

The per-class perfomances analysis presented in Table 3 and visualized thorugh the Confusion Matrix in Figure 4 shows
significant performance differences across classes. The Neutral class achieved the highest performance with an Fi-Score of
0.823, Precision of 0.897, and Recall of 0/760, supported by the largest number of samples (3,437 support). This indicates
that the model is highly capable of identifying the dominant neutral expressions in the data.

Kelas Precision Recall F1-Score Support
NEGATIVE 7,069 8,520 7,727 419
NEUTRAL 8,971 7,604 8,231 768
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Kelas Precision Recall F1-Score Support
POSITIVE 5,625 6,708 6,119 161
Macro Avg 7,222 7,611 7,359 1348
Weighted Avg 7,980 7,782 7,822 1348
Accuracy - - 7,574 1348

Table 3. IndoBERTweet Model Performance Classification

Confusion Matrix

500

POSITIVE 108 31 22

2
o NEGATIVE 17 - 300
2
E
- 200
NEUTRAL 67
100
T T
POSITIVE NEGATIVE
Predicted label

Figure 4. Confusion Matrix

Conversaly, minority classes such as NEGATIVE and POSITIVE experienced performance drops due to limited sample sizes
complexity of emotional expressions. tn the NEGATIVE class, a high Recall value (0.852) indicates the model’s ability to
capture most negative tweets. However, the ower Precision (0.707) suggest that the model tends to overpredict negatives,
leading to some incorrect classifications. The challenges is more evident in the POSITIVE class, which has only 161 samples.
This class recorded the lowest F1 score if 0.457, with Precision of 0.563 and Recall of 0.671, showing the model’s difficulty in
recognizing positive sebtiments that re often implicit or expressed indirectly.

The Confusion Matrix In Figure 4 reveals the most dominant prediction error pattern the model’s tendency to classify
extreme sentiments (NEGATIVE and POSITIVE) as NEUTRAL. A total of 275 negative tweets and 131 positive tweets were
misclassified as neutral. This is attributed to linguistic ambiguity, sarcasm, or passive phrasing that obscures emotions.
Nevertheless, the rate of misclassification between opposite polarities (positive predicted as negative or vice versa) is very low,
indicating that the model can fundamentally distinguish sentiment direction. Overall, these evaluation results show that
IndoBERTweet has adequate and reliable performance for further analysis.

3. Results Topic & Evaluation Results Modeling(BERTopic)

Topic modeling using BERTopic successfully extracted 44 topics from the entire social media X dataset analyzed, reflecting
the diversity of public health issues discussed by the public. Of this number, the analysis focused on the nine most dominant
topics (ID topic 1 - topic 9) because these topics had the highest frequency contributions to the overall discussion and were
considered the most representative in describing public perceptions. The model quality validation is shown in Table 4, where
the Coherence Score (C.) is recorded at 0.7154. This value indicates that the words forming the topics have strong internal
semantic relationships so that the generated topics are coherent and relevant to the context of public health.

Metrik Nilai
Coherence Score (Cv) 7,154
Diversity Score 7,139

Table 4. Topic Modeling Quality Evaluation Results (BERTopic)

In addition, the Diversity Score of 0.7139 shows that the formed topics have clear differences in keywords from one another.
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This validates that the BERTopic model not only produces internally coherent topics but is also able to capture different and
unique variations of discussion themes. The visualization of the frequency of the nine dominant topics in Figure 5 shows that

Mental and Psychological Health is the most prominent topic, reflecting the high public attention to aspects of well-being and
mental health as an integral part of public health
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Figure 5. Visualization Of Topic Modelling Result

Topic #1 shows that the most discussed health issue is centered on the category of Mental Health and Lifestyle. Where Topic
#1 (Mental and Psychological Health) with a total of 2,152 tweets becomes the most dominant theme and is marked by
keywords such as mental, jiwa, and health. The dominance of this topic shows an increase in public awareness of
psychological and emotional health. This category is reinforced by Topic #3 (Obesity and Sugar Prevention) which focuses on
chronic disease and unhealthy lifestyle issues through keywords such as obesity, eating, and diabetes, indicating public
concern about consumption patterns and long-term health risks.

In addition, Topic #4 (Acute Respiratory Tract Diseases) describes public concern about common diseases related to the
respiratory system, such as flu, cough, and inflammation, which are often associated with weather changes and decreased
body immunity. Meanwhile, Topic #2 (Child Vaccination Controversy) with 805 tweets shows a sensitive issue that triggers
divisions of public opinion, marked by keywords such as haram and immunization which indicate religious debates and
public Trust in government health policies.

The issue of Dengue Hemorrhagic Fever (DBF) appears in two discussion clusters, namely Topic #5 (General Clinical DHF
Disease) and Topics #8 (Regional DHF reports) with 97 tweets. Topic #5 reflect general discussions and initial handling
actions of DHF, while Topics #8 leads to more specific and localized discussions, such as case reports by district health
offices. This topics separation confirms the ability of BERTopic to distinguish between general clinical issues and regional-
scale public health issues.

The issue of Tuberculosis (TBC) also appears at various levels of discussion. Topic #6 highlights education and general
knowledge about TBC, while Topic #7 (Vaccine Research and Clinical Trials) with 131 tweets raises global discourse related to
the involvement of figures such as Bill Gates in the development of the TBC vaccine. Furthermore, Topic #9 (Local TBC
Intervention in Bogor City) with 91 tweets raises discussions about TBC management at the local level, including health
interventions in the Bogor prison area.

Overall, the topic modeling results show that public conversations cover various dimensions of health, ranging from global
policy issues, regional program implementation, endemic disease spread, to basic community needs related to well-being and
lifestyle. These findings provide comprehensive insights into the health issues that are the main concern of the public and
have the potential to become strategic input in formulating public health policies and interventions that are more responsive
and targeted.

4. Results Topic & Evaluation Results Modeling(BERTopic)

The integration of BERTopic and IndoBERTweet sentiment analysis produced strategic insights indicating that mental health
issues have become the public’s top priority. The dominance of Topic #1 (Mental and Psychological Health) emphasizes the
importance for the government to expand access to psychological services, enhance well-being literacy, and utilize social
media as a Sustainable channel for emotional support. In addition, the findings of topic #2 (Child Vaccination Controversy)
indicates significant social polarization, highlighting the need for collaboration between health authorities and religious
leaders to develop evidence based communication narratives aimed at reducing oublic misunderstanding and increasing trust
in immunization programs.
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Furthermore, local topics such as Topic #9 (TBC Intervention in Bogor City) and Topic #8 (Regional DHF Reports) show that
public health issues are heterogeneous and require place based intervention tailored to the specific context of each region.
Regional based interventions and the trengthening of endemic disease surveillance at the district/ city level become key
strategies to enhance the effectiveness of health policies. Overall, the utilization of topic and sentiments modeling provides
evidence based, actionable feedback, enabling stakeholders to design health policies that are more adaptive proactive, and
responsive to the real needs of society.

Overall, the integration of sentiment analysis and topic modeling in this study provides a comprehensive overview ot the
dynamics of the public perceptions of health issues. The novelty of this research lies in the application of integrated analytical
approach that combines sentiment and topic analysis simultaneously to generate a more in depth, contextual, and data driven
understanding of public health issues in Indonesia.

Furthermore, this research contributes to the development of Natural Languange Processing (NLP) methods, particularly in
the Indonesian context, by demonstrating the effectiveness of the IndoBERTweet model in recognizing informal language
styles and code mixing on social media, as well as the ability of BERTopic to group public discourse semantically and
thematically. The applied hybrid approach can be used as a new methodological framework for the analysis of dynamic,
unstructured, and contextual Indonesian texts, thus opening up opportunities for the development of more applicable NLP
research in the fields of health, social sciences, and public policy.

IV. Conclusion

This study successfully identified public health trends in Indonesia through sentiment analysis using IndoBERTweet and
topic modeling with BERTopic on social media X data. The model evaluation demonstrated reliable performance with a
Weighted Fi1-Score of 0.7822, indicating the model’s effectiveness in understanding informal language and code-mixing
commonly used on digital platforms. Topic modeling generated 44 topics, with 9 main topics representing crucial issues such
as mental health, child vaccination controversy, chronic diases, and region based policy discussions. These findings
demonstrate that a communicative approach can provides a comprehensive representation of public opinion in real time.

However, this study has several limitations that should be noted. Keywords based data collcection may cause selection bias
and might not fully capture all converstation related to health issues. Additionally, centiment analysis was limited to three
categories, which does not account for emotional dimensions such as fear, anger, or anxietly that are important for
understanding public reactions. The absence of geolocation data also limits the ability to analyze issue distribution across
administrative regions.

For future research, it is recommended to integrate emotion classification to produce deeper psychological analysis and utilize
geospatial metadata to support region-based health issue mapping. The topic modeling approach can also be extended to
dynamic topic modeling to capture the evolution of public discourse over time. With these developments, future studies are
expected to provide more precise, adaptive, and responsive health policy recommendations that align with societal needs

Practically, the results of this study have important implications for the formulation of data-driven public health policies. The
resulting insights can be used by governments and health institutions to monitor public perceptions in real time, identify
issues requiring rapid response, and design communication strategies and policy interventions that are more adaptive,
participatory, and oriented toward community needs.
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