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Abstract

This study analyzes Indonesian public responses to natural disasters using Twitter data through Topic Modeling (LDA) and
Sentiment Analysis. The process includes data collection, preprocessing, modeling, and sentiment classification. Tweets with the
keyword “bencana” were scraped and prepared for analysis. LDA revealed 15 main topics covering disaster causes, impacts,
responses, and resilience. Sentiments were categorized as positive, neutral, or negative. Positive sentiments dominated, especially
regarding collaboration and response efforts. Neutral sentiments discussed resource distribution and awareness, while negative
sentiments focused on dissatisfaction with disaster management and environmental issues. The study offers insights into public
discourse on disasters and supports improved response strategies, awareness programs, and policy planning. This research uses
NLP techniques to capture public concerns and highlights the need to strengthen community resilience in disaster situations.
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Introduction

Indonesia's susceptibility to natural disasters stems from its position at the convergence of three
major tectonic plates (Erb et al., 2021). and its location within the Pacific Ring of Fire
(Airlangga, 2024). This exposes the nation to frequent earthquakes, volcanic eruptions, and
floods, with impacts extending beyond geology into social vulnerability shaped by
socioeconomic disparities (Fuady et al., 2021). Understanding this interplay is crucial for
disaster preparedness and resilience (Rahmafitria et al., 2021). Social media, particularly
Twitter, plays a vital role in crisis communication by facilitating rapid information dissemination
(Cladis, 2020). Analyzing public discourse on these platforms provides insights into societal
resilience. Topic Modeling using Latent Dirichlet Allocation (LDA) helps identify key themes
in disaster-related discussions (Zhou et al., 2021), while Sentiment Analysis categorizes public
emotions, enhancing our understanding of community responses to disasters (Mendon et al.,
2021).

Within the domain of Machine Learning and Natural Language Processing (NLP), Topic
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Modeling serves as a powerful tool for automating the organization, comprehension, search, and
summarization of vast electronic archives (Kang et al., 2020). Specifically, LDA, a prevalent
topic modeling algorithm, operates by inferring latent themes inherent within documents and
allocating the contributions of individual words to these topics(Ferner et al., 2020). Meanwhile,
Sentiment Analysis, another fundamental NLP technique, is geared towards deciphering and
categorizing the emotional nuances embedded within textual data (Poria et al., 2023). By
employing these techniques synergistically, researchers can gain profound insights into the
underlying themes and sentiments prevalent within extensive textual corpora, thereby
facilitating a deeper understanding of complex phenomena such as societal responses to natural
disasters.

Utilizing LDA on Twitter data gathered using the keyword "bencana" (disaster) unveils a
spectrum of topics that engage public discourse during or following natural calamities.
Subsequent Sentiment Analysis further classifies these topics into neutral, negative, or positive
categories, thereby offering a nuanced understanding of community sentiment towards different
facets of disaster-related discussions. By adopting this approach, researchers and policymakers
can discern priority topics warranting immediate attention to mitigate vulnerability and bolster
the resilience of Indonesian communities in the face of adversities. This methodological
framework not only facilitates the identification of key areas for intervention but also fosters a
more informed and targeted approach towards disaster preparedness, response, and recovery
efforts.

The 2020 study by M. Choirul Rahmadan et al. applied LDA Topic Modeling to Twitter data,
identifying nine discussion topics during Jakarta’s flooding crisis (Choirul Rahmadan et al.,
2020). Their findings provided valuable insights into public sentiment and concerns, aiding
policymakers in refining disaster response strategies. While prior studies like Rahmadan et al.
(2020) focused on specific events, our research expands the scope by integrating LDA and
Sentiment Analysis to analyze disaster-related discourse on a national scale. This broader
approach uncovers resilience mechanisms and key intervention areas across Indonesia, offering
more profound insights into disaster preparedness and response.

Related Work

This study builds upon prior research on social vulnerability, disaster resilience, and public
discourse. Bergstrand et al. (2015) analyzed socio-demographic factors and community
dynamics in disaster resilience across the U.S., emphasizing the need for tailored emergency
planning (Bergstrand et al., 2015). Expanding on this, Zou et al. (2018) examined Twitter
engagement after Hurricane Sandy, revealing disparities in online participation and highlighting
social media’s role in damage assessment (Zou et al., 2018). Jacinto et al. (2020) operationalized
social resilience in flood-affected communities, integrating text mining and expert surveys to
identify key resilience dimensions, including individual, community, and governance factors
(Jacinto et al., 2020). Rahmadan et al. (2020) applied LDA topic modeling to analyze Twitter
discussions on Jakarta’s flooding, identifying nine dominant topics that provided insights into
public sentiment and information flow, supporting policymakers in disaster response strategies
(Chilmi, 2021).

M. Luvian Chisni Chilmi (2021) analyzed public discussions on Twitter regarding the Omnibus
Law Cipta Kerja in Indonesia, uncovering various issues of public concern, such as
environmental impacts, socio-economic consequences, and waves of protests against the policy
(Chilmi, 2021). This study successfully captured the spectrum of public opinions and sentiments
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by applying topic analysis, providing valuable insights for policymakers and academics in
understanding social reactions to controversial regulations. Meanwhile, Rachma Awantina and
Wahyu Wibowo (2022) study examined user-generated content on the Wattpad platform using
Topic Modeling with the LDA method (Awantina & Wibowo, 2023). This research aimed to
identify the main discussion topics among Wattpad users, revealing user preferences,
experiences, and engagement patterns within the community. By analyzing recurring themes in
user-generated content, the study offers valuable insights for content creators and platform
developers to enhance user engagement strategies and improve the overall reading experience.

Material And Method

This study is structured into four key stages: data collection, preprocessing, model development,
and sentiment analysis. Each stage is essential for systematically analyzing Indonesian public
responses to disasters using Twitter data. The overall workflow of these stages is illustrated in
Figure 1.

Data Collection

This study collects Twitter data using Python, systematically scraping 1,000—5,000 Indonesian-
language tweets containing the keyword "bencana" within a specified timeframe [22]. The data
focuses on real-time discussions and sentiments, forming the basis for Latent Dirichlet
Allocation (LDA) topic modeling. This approach helps uncover prevalent themes and public
concerns, providing insights to enhance disaster response strategies, public awareness

campaigns, and policy development.

Dataset from
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Methodological Framework for Analyzing Public Responses to Disasters Using Twitter
Data.

Data Preprocessing

To enhance data quality, preprocessing begins with standardizing non-standard words using
Kamus Besar Bahasa Indonesia (KBBI) (Rianto et al., 2020). Since LDA performs optimally in
English, tweets are then translated using Google Translate (Hurtado Bodell et al., 2022). The
text is converted into a structured corpus for further analysis (Adel, 2020). Subsequent steps
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include case folding (lowercasing text) (Putra & Wijaya, 2022) (Kathuria et al., 2021) removing
numbers, punctuation, and irrelevant elements (e.g., emojis, links, mentions, hashtags) (Abdul-
Jabbar & George, 2017), and stopword filtering to eliminate common but insignificant words
(Ladani & Desai, 2020). Finally, tokenization breaks the text into individual words, ensuring
optimal conditions for topic modeling and sentiment analysis (Karthikeyan et al., 2020).

Model Development

The model development stage involves conducting topic modeling using LDA in Python. The
process begins with constructing a Document-Term Matrix (DTM) from the preprocessed data,
which captures word frequencies across documents as the foundation for analysis (Cozzolino &
Ferraro, 2022) (Bafna & Saini, 2020). Next, the model undergoes iterative training with varying
topic numbers, evaluating coherence scores in each iteration to determine the optimal topic count
(Korencic et al., 2021). Once identified, the final LDA model is implemented using this optimal
number of topics, ensuring meaningful topic extraction (Anowar et al., 2021; Kamaruddin et al.,
2024; Ondin & Kiiciikdeniz, 2023). The results are then visualized with PyLDAvis, providing
an interactive representation of topic distributions and relationships within the dataset (Onah &
Pang, 2021) .

Sentiment Analysis on Extracted Topics

Following the topic modeling analysis with LDA, the subsequent step involves conducting
sentiment analysis on the identified topics. Sentiment analysis aims to determine the prevailing
sentiment or opinion associated with each topic(Alabdulkarim et al., 2024; Chakraborty et al.,
2020; Wankhade et al., 2022). This process entails analyzing the sentiments expressed within
the documents or discussions related to each topic, such as positive, negative, or neutral
sentiments(Abualigah et al., 2020). By examining the sentiment distribution across topics,
researchers can gain deeper insights into public perceptions, attitudes, and emotional responses
toward various themes or issues discussed on social media platforms like Twitter.

Experimental Result
Model Development Result
Formation of Document-Term Matrix (DTM)

The Indonesian Twitter data collected using the keyword "bencana" undergoes LDA topic
modeling to identify disaster-related discussions. The process starts with creating a Document-
Term Matrix (DTM), converting unstructured text into a structured numerical format essential
for LDA analysis. This matrix, generated using Python and shown in Table 1, captures term
frequencies, allowing LDA to detect patterns. Once the text is structured, the analysis proceeds
by determining the optimal number of topics for modeling.

Document-Term Matrix

No. Term Frequency
1 ability 1
afterlife 1
1.974.829 management 1
1.974.830 come 1
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Defining the Range of Topic Numbers

Determining the range of candidate topic numbers for LDA topic modeling is crucial, as there
is no definitive rule for selecting the optimal number of topics. LDA partitions text data into
meaningful issues, making it essential to identify the range that best captures the dataset’s
structure. This process typically involves iterating through different topic ranges, starting
broadly and gradually narrowing down. In this study, iterations were conducted with topic ranges
of 1-50, 140, 1-30, 1-20, and 1-10 to identify the most coherent set of topics.

Iteration of Determining the Optimal Range of Topic Numbers

The iterations performed aim to obtain the truly optimal range of topics that remains efficient
and has good interpretative capabilities. From the iterations, Table 2 will show the range of the
optimal number of topics produced for each range, considering the coherence score.

Iteration of Optimal Topic Number Range

Range Optimal Number of Topics Coherence Score
1 to 50 20 0.487292
1 to 40 27 0.466890
1 to 30° 14 0.478454
1 to 20 16 0.473838
1to 10 10 0.430744

a. Range selected for balance between topic count and coherence.

The iteration results indicate that a moderate number of topics, precisely 14, yields a higher
coherence score within the 1 to 30 topic range compared to the 1 to 40 and 1 to 20 ranges, which
require more topics for coherence. Moreover, the coherence score for the 1 to 30 range is not
significantly different from the 1 to 50 range, where 20 topics are needed to achieve a coherence
score of 0.487292. The coherence scores for the 1 to 30 topic range are presented in Table 3.

Coherence Score for the Range 1 To 30

Number of Topics Coherence Score
1 0,275969

2 0,35244

14 0,478454

15 0,41497

29 0,436394

30 0,424294

A line graph visualization of the coherence score for the entire range of topics is shown in Figure
2.

Journal of Posthumanism



Ismawandani et al.

Coherence vs. Number of Topics
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Figure 2 illustrates that the highest coherence score in these observations occurs when the
number of topics is 14, and for subsequent topics, the coherence score decreases. However, to
ensure the optimal number of topics for the next analysis step, multiple observations will be
conducted using the range of 1 to 30 topics.

Determining the Optimal Number of Topics

The determination of the optimal number of topics will be based on the coherence score results
from multiple observations using the range of 1 to 30 topics. This iteration or repeated
experiment is conducted to find a stable optimal number of topics. The iteration and repetition
steps align with the theories presented in the foundational studies for this research, such as [10],
[5], and [13]. Table 4 will show the results of this iteration.

Iteration of the Optimal Number of Topics

Observation Optimal Number of Topics Coherence Score
1 14 0.478454
2 13 0.462398
3 15 0.505317
4 14 0.493361
5 18 0.475374

Based on the five iterations conducted, the third iteration produced the highest coherence score,
reaching 0.5, with a total of 15 optimal topics selected. Therefore, this research will use the
analysis results from this iteration. Table 5 will detail the coherence score results from this
iteration.

Coherence Score for the Optimal Iteration

Number of Topics Coherence Score
1 0,275969

2 0,35244

14 0,419938

16 0,415322
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29 0,438104
30 0,445311

Figure 3 provides a visualization in the form of a line graph of the coherence score for the entire
range of topics in this optimal iteration.

Coherence vs. Number of Topics

0.45 4

Coherence Score

[ 5 10 15 20 25 30
Number of Topics

Coherence Score Visualization of Optimum Iteration.

Figure 3 shows the coherence score peaking at 15 topics before declining. However, further
analysis determines 14 as the optimal number, balancing coherence and topic differentiation.
Increasing topics beyond this does not enhance coherence significantly.

Topic Visualization

The optimal topic visualization, generated using the PyLDAwvis library in Python, presents a bar
chart illustrating the frequency of words within each topic. This visualization reveals diverse
community perspectives on disasters, ranging from causes and impacts to humanitarian aid,
preparedness, and emotional responses. A prominent theme emerging from the analysis is
awareness of disaster causes and impacts.

Topic 1 - Causes and Impacts of Natural Disasters.

As shown in Figure 4, discussions on this topic highlight key contributing factors, such as
damaged roads ("road") and financial losses ("loss"). Additionally, terms like "attention,"
"considered," and "knowledge" suggest that public discourse emphasizes the importance of
understanding disasters and mitigation strategies to minimize risks. In addition to discussing the
causes of disasters, the community also highlights the aspects of time and survival strategies
post-disaster. As seen in Figure 5, words like "time," "survive," "plan," and "business" reflect
discussions about how people can plan recovery after facing a disaster.
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Topic 3 - Disaster Timing and Survival Strategie.

Social solidarity and humanitarian aid are crucial aspects often discussed in response to disasters.
Figure 6 shows that the community actively discusses the distribution of aid, with words like
"supplies," "collaborate," and "humanity" reflecting the coordination in delivering assistance to
victims. Beyond direct aid, Figure 7 also demonstrates the role of social media in spreading
information and raising awareness. Words like "Facebook," "send," "disaster," and "prepared"
indicate that communities use digital platforms to share information and gather support during
emergencies. The role of the government in disaster mitigation is also a key discussion point.

Topic 4 - Humanitarian Aid and Resource Distribution.

As seen in Figure 8, the community discusses how institutions like BPBD (Regional Disaster
Management Agency) coordinate disaster management, including simulations at village and
regional levels. Words like "management," "regional,”" "village," and "government" show that
this discussion focuses on policies and implementation at the local level.
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Topic 5 - Role of Social Media in Disaster Response.

Topic 6 - Government and Regional Disaster Management.

Discussions on the environmental impact of disasters are also a significant concern, as seen in
Figure 9. Words like "rain," "water," and "economic consequences" indicate that the community
is discussing how extreme weather conditions affect clean water security and the regional

economy.

Topic 9 - Environmental and Economic Impact of Disasters.

Beyond technical aspects, the community also responds to disasters from emotional and religious
perspectives. In Figure 10, it is evident that many discussions involve hope for divine assistance
in facing disasters, reflected in words like "Allah," "God," and "religion."

Topic 2 - Religious Perspectives on Disasters.

Journal of Posthumanism
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Moreover, psychological impacts are also a concern in community discussions. Figure 11 shows
that words like "trauma," "safe," and "volunteers" indicate awareness of the importance of
mental support for disaster victims.

Topic 13 - Psychological Impacts and Trauma from Disasters.
Sentiment Analysis Result

The sentiment analysis classifies fifteen disaster-related topics on Twitter into positive (53.3%),
neutral, or negative, as shown in Figure 12. Positive discussions focus on preparedness,
community efforts, and resilience, including hopes for divine intervention and reflections on the
Aceh tsunami. Neutral topics cover social media use, disaster-prone areas, and victim trauma,
emphasizing factual discussions. Negative sentiment appears in criticisms of local disaster
management and environmental impacts, highlighting inefficiencies in aid distribution and
ecological concerns.

negative

neutral

positive

Sentiment Distribution of Disaster-Related Topics on Twitter

Overall, the sentiment analysis highlights a mix of emotional responses from the public. While
there is significant optimism and collective action in disaster recovery efforts, critical voices
addressing shortcomings in disaster management are also present. This reflects the complexity
of community engagement in disaster discourse, balancing hope, awareness, and accountability.

Conclusions

The Latent Dirichlet Allocation analysis identified 15 distinct topics in Indonesian Twitter
discussions on natural disasters, covering a broad spectrum of issues. These topics ranged from
causes and impacts of disasters, hopes for divine intervention, and survival strategies to resource
distribution, disaster awareness via social media, and dissatisfaction with local disaster
management. Specific events, such as the Aceh tsunami, collaborative response efforts,
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community preparedness, environmental concerns, trauma among victims, and drought affecting
children, were also prominent. Sentiment analysis further categorized public responses into
neutral, pessimistic, and optimistic sentiments. Over half of the topics reflected positive
sentiments, particularly in discussions on collaborative efforts and effective response strategies.
Neutral sentiments emerged concerning resource distribution and social media awareness, while
negative sentiments were dominant in criticisms of local disaster management and
environmental impacts. These findings offer valuable insights into Indonesian public sentiment
and discourse on disasters. They provide a data-driven foundation for improving disaster
response strategies, public awareness campaigns, and policymaking to better address the needs
of affected communities.
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