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Abstract: This research focuses on the classification of Indonesian disaster data extracted from social
media using three distinct machine learning models: K-Nearest Neighbors (KNN), Random Forest, and
Recurrent Neural Network (RNN). The study evaluates and compares the performance of these models
based on accuracy metrics. The KNN model demonstrates competency with an 82% accuracy,
showcasing its ability to handle data based on nearest neighbors. However, there are indications of
potential limitations in handling complex patterns or high-dimensional datasets. In contrast, Random
Forest achieves a notable 94% accuracy, highlighting its effectiveness in combining decision trees to
enhance performance and mitigate overfitting. The RNN model exhibits the highest performance,
achieving 96% accuracy, attributed to its proficiency in understanding temporal relationships and
sequential patterns in data, making it a robust choice for sequential datasets such as text or time series.
The findings underscore the importance of selecting models tailored to specific dataset characteristics
and desired classification analyses. Furthermore, future research directions involve exploring
adaptations or optimizations of these models for diverse disaster types and social media data, aiming to
develop more sophisticated and responsive models for disaster-related analysis in the Indonesian
context.
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1. Introduction

In the face of the complexity of disaster-related challenges, the role of social media platforms, such
as Twitter/X, becomes crucial as a communication channel during crisis situations [17]. The digital age
witnessed an unprecedented influx of information during the crisis, with more than 8.7% of Indonesia's
total population, approximately 24 million, actively using such platforms by early 2023. This rapid
growth, totaling 5.6 million users between 2022 and early 2023, reflects the significance of social media
platforms in providing communication channels during disasters [27].

While social media platforms provide great benefits, this growth brings new challenges, particularly
with regard to information overload and huge volumes of data [37]. The management and classification
of disaster information requires a careful approach, focusing on identifying and filtering relevant
information to provide a clearer and more accurate view of the disaster situation [4].

Information spread on social media during disasters covers vital needs such as casualties, food,
water, electricity, medical emergencies, shelter, evacuation routes and clothing [57]. However, the
signal-to-noise ratio poses a severe challenge, where significant noise on social media hinders the
extraction of actionable insights for informed decision-making. This challenge is faced not only by
government agencies but also by non-governmental organizations (NGOs) and individuals invested in
disaster response efforts [67].
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To address these challenges, this research introduces models that use Machine Learning algorithms
such as K-Nearest Neighbors (KNN), Random Forest, and Recurrent Neural Network (RNN). The
model is designed to cope with information overload and huge volumes of data, with the aim of
improving situational awareness and facilitating faster and more informed decision-making from
relevant parties. The model is expected to empower government agencies, NGOs, and individuals with
the ability to quickly access and act on critical information, contributing to a more effective and
responsive disaster management strategy [7 .

This research also includes a comparison of the accuracy of the three machine learning algorithms
used (KNN, Random Forest, and RNN), with the aim of determining the best algorithm for categorizing
disaster data such as water, food, medical emergencies, shelter, and electricity. Thus, this research is
expected to make a valuable contribution in optimizing disaster information management through social
media to support more effective countermeasures.

In addition, there are several previous studies that have conducted research related to the
classification of tweets related to natural disasters on Twitter, such as in paper Classification of Tweets
Related to Natural Disasters Using Machine Learning Algorithms. This research focuses on identifying
and analyzing tweets related to natural disasters on Twitter using Machine Learning algorithms such
as Bernoulli Naive Bayes (BNB), Multinomial Naive Bayes (MNB), Logistic Regression (LR), K-Nearest
Neighbors (KNN), Decision Tree (DT), and Random Forest (RF). A dataset of 122 thousand tweets
with geographic locations is processed with stemming and lemmatization techniques. Training and
testing results show that BNB, MNB, and LR models have the best performance with an accuracy rate
of 87%, while KNN, DT, and RF reach 82%, 75%, and 86% [87.

In the journal Sentiment analysis and classification of COVID-19 tweets using machine learning
classifier In March 2020, WHO identified COVID-19 as a new pandemic and issued a statement in
connection with it. This research aims to classify pandemic-related sentiment using feature extraction
and machine learning techniques on social media datasets. There are four phases in the system: data
collection, pre-processing and normalization, feature extraction and feature selection, and classification.
Data is collected from social media sources such as Twitter using the Twitter API. Tweets are then
divided into three categories: positive, neutral, and negative during pre-processing. In the feature
extraction phase, methods such as Bag of Words (BoW), Term Frequency-Inverse Document
Frequency (TIF-IDF), Word2Vec, and FFastText are used to collect the feature dataset. In the last phase,
various machine learning classification algorithms are applied to detect sentiment. In the experimental
analysis, BoW with Modified Support Vector Machine (nSVM) gave better results than other machine
learning algorithms, achieving an accuracy of 98.15%. mSVM also achieved 93% accuracy for positive
sentiment, surpassing the performance of other machine learning classifiers [97.

In the journal A Comparative Analysis of Logistic Regression, Random Forest and KNN Models for
the Text Classification this paper discusses the construction of a BBC news text classification model
using machine learning algorithms, focusing on logistic regression, random forest, and K-nearest
neighbor. The study compared the performance of the three algorithms based on precision, accuracy,
F1-score, support, and confusion matrix parameters. Logistic regression with TF-IDF Vectorizer
feature achieved the highest accuracy (97%), making it a stable choice for small data sets. Random forest
ranked second with 93% accuracy, while K-nearest neighbor achieved 92% accuracy. Logistic regression
showed the expected performance, making it the best choice [107].

Based on a number of previous studies, it is evident that models such as Random Forest, K-Nearest
Neighbors (KNN), and Recurrent Neural Network (RNN) provide good classification results in various
situations. By applying the models that have been developed, this research makes a significant
contribution to improving the effectiveness of disaster management strategies in Indonesia. The
performance evaluation in this research is conducted using Confusion Matrix, ROC, Precision, and
Recall methods. The results of this evaluation will be used to compare the performance between models
with the aim of finding the most optimal model.
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2. Method

The initiation of this study involves the utilization of Twitter/X data, motivated by the observable
surge in Indonesia's user base over the preceding year. The adoption of a Python-based crawling
approach is deemed imperative for the execution of this research. It is noteworthy that Twitter/X
imposes constraints on data accessibility, leading to the deferment of research-related data acquisition
activities.
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Figure 1.
Flow diagram to enhance disaster response.

We have developed a comprehensive system for disaster-related data collection and analysis,
encompassing both news articles and Twitter data. Our data crawling system efficiently gathers
information on various aspects, such as food, water, medical emergencies, shelter availability, electricity
status, evacuation routes, and clothing needs. This collected data is then categorized systematically to
facilitate a clear understanding of the diverse dimensions of disaster-related challenges. Additionally,
our system incorporates sentiment analysis to gauge public opinion and emotion analysis to understand
the emotional tone of the collected data. To enhance user accessibility and comprehension, we have
implemented a user-friendly dashboard system for data visualization. This dashboard serves as a
centralized platform, presenting insightful visual representations of the categorized data, sentiment
trends, and emotional dynamics, thereby providing valuable insights for efficient disaster response and
management.

Each of system has connected through database, database can be expanded as data will grow
overtime. The main idea of this system is to prevent false data and making best decision based on fact
data. There is system to validate data from crowd sourcing, government and other party can contribute
data and validate them in one station. Architecture of the system are important to expand the system
into bigger data/information.
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In our research, we have collected an extensive dataset comprising over 9,000 Twitter posts focusing
on four distinct disasters that frequently occur in Indonesia due to its geographical location on the
Pacific "Ring of Fire." [117. This initial dataset serves as a foundation for our investigation into the
dynamics of disasters, including tsunamis, earthquakes, floods, landslides, droughts, and forest fires.
Recognizing the evolving nature of disaster events, our research aims to expand its scope by
incorporating data from crowd-sourcing platforms and other social media channels. Indonesia's
vulnerability to a spectrum of natural disasters necessitates a comprehensive approach to understanding
and mitigating their impact, and the integration of real-time information from diverse sources will
contribute to the development of a robust and adaptable disaster response system.
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Figure 3.
Distribution of labels 1 for positive and -1 for negative.

2.2. Pre-Processing

The preprocessing pipeline for textual data encompasses a series of essential steps aimed at refining
raw text into a format conducive to effective natural language processing (NLP) [127. Case folding
initiates this process by converting all characters to lowercase, ensuring uniformity and eliminating
discrepancies arising from differing letter cases. Subsequently, the cleansing phase involves the removal
of extraneous characters, symbols, or HTML tags, further enhancing the cleanliness and coherence of
the text. Stopword removal follows, targeting common words that contribute little semantic meaning,
streamlining the dataset for more meaningful analysis [137].

Tokenization plays a pivotal role in breaking down sentences into individual words or tokens,
facilitating subsequent feature extraction and analysis. Object stemming is then employed to reduce
words to their root form, aiding in the consolidation of related terms. Label encoding is utilized to
convert categorical labels into numerical representations, a crucial step in preparing data for machine
learning models [147].

Finally, the TF-IDF (Term Frequency-Inverse Document Frequency) vectorizer methodology is
applied to transform the tokenized and stemmed data into numerical vectors, emphasizing the
importance of words within the corpus [157]. This comprehensive methodology, incorporating case
folding, cleansing, stopword removal, tokenization, object stemming, label encoding, and TF-IDF
vectorization, lays the foundation for robust and meaningful analysis in various NLP applications. The
paper navigates through the intricacies of each step, elucidating their individual contributions and
collective impact on optimizing textual data for subsequent processing and analysis [167].
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In this case, Term Frequency Inverse Document Frequency (TF-IDF) is used to convert text into a
value [17 So that it can be calculated using K-Means clustering. Following are the equations for TTF-
IDF:

wdt = tfdt = Idft (1)

In this context, Wdt represents the weight of the d document against the t-word, tfdt denotes the

number of times the word is searched for in a document, and Idft is the Inverse Document Frequency

calculated as (log (dﬁf)), where N is the total number of documents and df is the number of documents

containing the searched word.

2.3. Sentiment Analysis

Sentiment analysis, also known as sentiment analysis or opinion mining, is a discipline in natural
language processing that aims to identity, analyze, and evaluate sentiments or opinions contained in text
[187]. The focus is on determining whether the text contains positive, negative, or neutral sentiments
related to a particular subject or topic. Using techniques such as machine learning and statistical
analysis, sentiment analysis is widely used in a variety of contexts, including in understanding customer
opinions on products, assessing social responses to news, and providing valuable insights for text-based
decision-making [197.

2.4. KNN

K-Nearest Neighbors (KNN) is one of the simple and commonly used classification algorithms in
machine learning [207]. The fundamental concept of KNN involves classifying data based on the
majority class of a certain number of its nearest neighbors [217. In the given implementation context,
the KNN model is configured with specific parameters. Firstly, n_neighbors" is a hyperparameter that
determines the number of neighbors to consider when making predictions for new data. Values [40, 50,
60, 70, 80, 907 are used to search for the best combinations. Additionally, ‘“metric’ is a hyperparameter
that specifies the distance metric used to measure the proximity between data points. In this case, the
distance metric used is 'manhattan’.

The hyperparameter tuning process is conducted using ‘RandomizedSearchCV", a method that
performs a random search over a predefined set of parameters. In the given example, the search is
conducted over combinations of values for *n_neighbors® and “metric’ to find a combination that yields
the best model performance. Other settings include utilizing all CPU cores (‘n_jobs=-1") for parallel
processing and displaying progress messages (‘verbose=1"). Subsequently, the KNN model utilizes
“KNeighborsClassifier’ from scikit-learn to be trained on the training data (“x_train_bow" and
‘y_train’). After undergoing the tuning process, the best results regarding hyperparameter
combinations and model performance can be accessed through the “best_params_" and “best_score_’
attributes of the *RandomizedSearchCV" object.

2.5. Random Forest

Random Forest is a machine learning algorithm that falls under the category of ensemble learning,
where multiple learning models are combined to improve performance and prediction accuracy [227].
Specifically, Random Iorest uses a large number of decision trees created randomly on different subsets
of data. Each tree provides predictions, and their results are combined through majority voting to
generate the final prediction. The main advantage of Random Forest lies in its ability to overcome
overfitting and provide stable and accurate prediction results for various types of datasets. This
algorithm can be applied to both classification and regression tasks [237].

In implementing the Random Forest Classifier using the scikit-learn library in Python, the model is
initialized with the n_estimators parameter set to 200 to indicate the number of decision trees in the
ensemble. Additionally, the random_state parameter is set to O for reproducibility purposes. The
training process then occurs using the provided training data, where X_train represents the features
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and y_train represents the labels. RandomIForestClassifier is an ensemble learning method that
constructs multiple decision trees during training, and its output is the mode of the classes (for
classification) or the mean prediction (for regression) of the individual trees. In this context, the model is
configured to build an ensemble with 200 decision trees, an approach that often yields a stable and
accurate classification model suitable for various machine learning tasks.

2.8. RNN

Implement an RNN (Recurrent Neural Network) model using Keras in TensorFlow for a binary
classification task [247]. The model structure consists of several key layers. First, an input layer is created
to accept sequences of words with a maximum length of max_len. Next, an embedding layer is used to
convert the words into a vector representation with a dimension of 50. An LSTM (Long Short-Term
Memory) layer is then added to understand the temporal patterns in the sequences of words.

After that, further processing is done with a 256-unit dense layer and ReLU activation function,
tollowed by an additional ReLU activation layer. The addition of a dropout layer with a dropout rate of
0.5 aims to reduce the risk of overfitting. An output layer with one unit and sigmoid activation function
is used to perform binary classification according to the given task. The model is further compiled using
binary crossentropy as a loss function, RMSprop as an optimizer, and evaluation metrics involving
accuracy and precision. The training process is performed using training data (sequences_matrix) and
labels (y_train) in batches of 128 for 10 epochs, with 20% of the data used as validation data. The
training results, such as accuracy and loss, are recorded in the history variable. The ultimate goal of this
implementation is to generate an RNN model capable of classifying sequential data with high accuracy
in a binary classification task.

2.9. Confusion matrix

Confusion matrix is a commonly used evaluation tool in classification to evaluate the performance of
machine learning models [257. In this study, the confusion matrix helps to understand the extent to
which the model is able to classify disaster-related data on Indonesian social media using the K-Nearest
Neighbors (KNN), Random Forest, and Recurrent Neural Network (RNN) methods. The confusion
matrix contains four main components that make up the matrix as follows [267:

Table 1.
Confusion matrix.

Predicted positive Predicted negative
Actual positive True positive (TP) False negative (IFP)
Actual negative False positive (I'P) True negative (I'N)

From the table above, the four components can be explained as follows:

e True Positive (TP):
This is the amount of data that actually falls into the positive category (disaster) and is
successfully predicted correctly by the model.

e True Negative (TN):
Represents the amount of data that actually falls into the negative category (non-disaster) and is
correctly predicted by the model.

e [I‘alse Positive (I'P):
Represents the amount of data that actually belongs to the negative (non-disaster) category, but
was incorrectly predicted as positive (disaster) by the model.

e J‘alse Negative (I'N):
Represents the amount of data that actually belongs to the positive (disaster) category, but is
incorrectly predicted as negative (non-disaster) by the model.
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3. Results and Discussion

In an effort to provide a more in-depth understanding of the label distribution within the proposed
classification system, this information is visually presented through a bar chart. This chart not only
offers a clear visual representation but also provides a comprehensive overview of the prevalence of each
behavioral disaster data category. By leveraging graphical representation, researchers and stakeholders
can easily discern the comparisons between the quantities of data associated with specific behaviors in
the context of disasters. This approach aims to enhance comprehension of data distribution and lay a
robust foundation for further decision-making in the development of an effective classification system.

created_at label category tokenization full_text
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The initial phase of data preprocessing is a crucial step that encompasses several essential tasks
aimed at refining and structuring the raw text data for subsequent analysis. Among these tasks, the
removal of mentions, URLs, numbers, and punctuations plays a pivotal role in streamlining the text
corpus. By eliminating extraneous elements such as social media mentions, web links, numeric
characters, and punctuation marks, the processed dataset becomes cleaner and more focused. This
meticulous cleaning process contributes to the creation of a high-quality dataset, setting the foundation
tor enhanced accuracy in downstream natural language processing (NLP) tasks. The refined dataset not
only aids in mitigating noise and irrelevant information but also facilitates a more effective and precise
analysis of textual content, ultimately improving the overall performance of NLP models and
algorithms applied to the data.

Table 1.

Removal of mentions, URLSs, numbers, and punctuations in Indonesian.
Text Text with removal mentions, emoji, URLS,

numbers and punctuations

udah pada baca ini? udah pada baca ini
Kapolri Akan Kerahkan Tenaga Medis Kapolri Akan Kerahkan Tenaga Medis Tambahan
Tambahan #PenangananPascaGempa PenangananPascaGempa Untuk Peduli Warga
Untuk Peduli Warga Cianjur Cianjur .
Kapolri ~ meninjau  langsung  kondisi Kapolri meninjau langsung kondisi masyarakat
masyarakat terdampak gempa bumi yang terdampak gempa bum@ yang dirawat di Rumah
dirawat di Rumah Sakit Bhayangkara Sakit Bhayangkara Cianjur Jawa Barat Selasa
Cianjur, Jawa Barat, Selasa (22/11).

In an effort to preserve contextual nuances, stop words are retained during text analysis. This
decision aims to provide a deeper and more nuanced understanding of the language while preventing
potential information loss that may occur if stop words are removed. Although stop words may be
considered common or less meaningful individually, their presence can contribute to the overall
meaning in the context of sentences and documents. By retaining stop words, text analysis can more
accurately represent the complexity of language and context, enabling a more holistic understanding of
the meaning contained in the text.

Table 2.
Stop removal text analysis in Indonesian.

Text Text with stop removal
Bener-bener ya yuk udah yuk gempa susulannya | Bener-bener yayuk yuk gempa
kasian teman saudara dsana mana kemarin ujan | susulannya kasian teman saudara
skrg pun matahari sulit dsana kemarin ujan matahari sulit.
Dan entah kenapa aku selalu ikut rasain getaran | aku ikut rasain getaran gempa
gempa susulannya walau kecil kecil aja udah | susulannya kecil kecil setakut org
setakut itu aplgi org Cianjur yaak Cianjur

Before inputting data into the algorithm, the dataset was split into training and testing sets with a
ratio of 67-83 for KNN, 80-20 for random forest, and RNN models. This step was taken to ensure
consistency in the execution of the experiments. Next, the three different algorithms, namely KNN,
random forest, and RNN, were applied to analyze the data with the aim of gaining insights. This
approach provides a deeper understanding of the performance of the three algorithms in the context of
the dataset used. The results of this analysis can provide a more comprehensive perspective on the
ability and suitability of each algorithm in processing data, which can be used as a basis for further
decision-making in the development of models or systems related to the dataset.
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Figure 6.

Result of KNN confusion matrix data train, confusion matrix data test and ROC-Curve.

From the confusion matrix in the training stage, the KNN model successfully classified 5,000
samples correctly as natural disasters and 116 samples correctly as non-natural disasters. However,
there were 875 errors where the model classified samples that should not have been natural disasters as
natural disasters, and 16 errors where samples that were actually natural disasters were classified as
non-natural disasters. The overall evaluation shows that the KNN model performed satisfactorily in
classifying natural disaster data on Twitter social media in the training stage.

In the test stage, the confusion matrix shows that the KNN model successtully classified 2,500
samples correctly as natural disasters and 1 sample correctly as non-natural disasters. However, there
were 64 errors where the model classified samples that should not have been natural disasters as natural
disasters, and 11 errors where samples that should have been natural disasters were classified as non-
natural disasters. The overall evaluation shows that it performs relatively well but needs improvement
in classifying test data related to natural disasters on social media Twitter.

The ROC curves provide further insight into the performance of the KNN model. The curve for the
training data shows good performance, achieving an accuracy of 0.89 with a TPR of about 0.89 at an
FPR of about 0.11. However, on the test data, there is a slight drop in performance with an accuracy of
0.82 and a TPR of about 0.82 at an FPR of about 0.18. Although the model was able to identify many
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true positives, there was an increase in false positives at lower confidence thresholds. This evaluation
provides important insights for decision-making, highlighting the challenges of KNN models in
generalization to test data and the need to pay attention to false positive management. In conclusion,
the KNN model performed well, but improvements are needed to improve generalization and manage
talse positives on test data related to natural disasters on Twitter social media.
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Figure 7.
Result of random forest with confusion matrix, ROC-Curve, and precision-recall curve.

Based on the Figure 7 analysis results involving the confusion matrix, Receiver Operating
Characteristic (ROC) curve, and precision-recall curve of the RandomForest model, it can be concluded
that the model shows excellent performance in classifying data between disaster and non-disaster
situations. The model's ability to distinguish the context of twitts from disaster-related twitter/X
makes it an effective tool in predicting the relevance of a conversation to disasters.

Specifically, the model has an accuracy of 94%, an AUC ROC of 0.88, and an AUC precision-recall of
0.95.
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Result of RNN with model accuracy, model loss, and confusion matrix.

The RNN model in Figure 8 exhibits excellent performance, with an accuracy of approximately
96% for the training data and 95% for the validation data. This high accuracy indicates the RNN model's
ability to predict outputs accurately, both on the training data and on previously unseen data. The
analysis of the model's loss also indicates that the RNN model effectively learns from the training data,
with a significant decrease in loss from the beginning of training until the 8th epoch. This demonstrates
the model's capability to reduce errors with an increasing number of epochs. Overall, the accuracy and
loss results of the RNN model signify its strong performance and reliability for various tasks such as
classification, prediction, and pattern recognition.

Based on the confusion matrix in Figure 8, the image illustrates the results of the classification
report of the RNN model used to classify earthquake data. The classification report is a table that shows
the model's predictions on the test data, consisting of four main cells: true positive (TP), true negative
(TN), false positive (FP), and false negative (I'N). According to the Figure 8, it can be concluded that
the RNN model exhibits good performance in classifying earthquake data. The details include the model
accurately predicting 1604 out of 1609 earthquake instances (TP), correctly identifying 92 out of 91
non-earthquake instances (TN), making incorrect predictions for 46 non-earthquake instances as
earthquakes (F'P), and erroneously classifying 9 earthquake instances as non-earthquakes (I'N).

Table 3.
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Performance sentiment analysis of Indonesian language on disaster response.

Method Accuracy
KNN 82%
Random forest 94%
RNN 96%

From the table above, three different models were evaluated based on accuracy. The K-Nearest
Neighbors (KNN) model achieved an accuracy of 82%, signifying its ability to handle data based on
nearest neighbors. While this result is satisfactory, there are indications that the KNN model may be
less effective in handling complex patterns or high-dimensional datasets. On the other hand, Random
Forest achieved 94% accuracy, demonstrating its ability to combine decision trees to improve
performance and reduce overfitting. These results illustrate that Random Forest can be a more optimal
choice for handling different types of datasets. Finally, the Recurrent Neural Network (RNN) model
showed the highest performance with 96% accuracy. The advantage of RNN lies in its ability to
understand temporal relationships and sequential patterns in data, making it a strong choice for
sequential data such as text or time sequences. Therefore, the selection of an appropriate model needs to
consider the specific characteristics of the dataset and the needs of the desired classification analysis.

8000

6000

4000

2000

Emaotion Neutral Joy Fear Anger Sad Love

Figure 9.
Graph result emotion detected in dataset.

The bar chart above provides an overview of the distribution of emotional responses in the Twitter
dataset focusing on disaster-related content. Out of a total of 6,994 tweets, the 'Neutral' category
dominates, indicating that most disaster-related tweets are informative or factual without strong
emotional overtones. This could include updates on the progress of the disaster, safety information, or
factual statements about its impact. In the context of disasters, Twitter serves as a hub for real-time
information dissemination, with many users seeking objective updates.

While the mood is generally serious in the context of a disaster, there were 779 tweets categorized
as 'Joy'. These may include messages of relief, stories of successful rescues, or thanks for support and
assistance. Furthermore, 423 tweets expressed 'Fear', reflecting concerns for safety, uncertainty of the
situation, or anxiety about the future.

'Anger' was present in 470 tweets, reflecting frustration at the perceived inadequacy of the disaster
response or anger that human factors were to blame. 'Sad' tweets (259 tweets) were more likely to
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express sadness, loss or sympathy, especially in relation to loss of life, loss of property or loss of
livelihood.

The emotion 'Love' was the least frequently detected (70 tweets), representing messages of support,
solidarity and compassion. This could include tweets from individuals expressing love and concern for
those affected or gratitude to first responders and volunteers. This analysis reveals the diversity of
emotional responses in the context of disasters on Twitter, covering a spectrum from neutral to more
Intense emotions.

4. Conclusion

From the evaluation results of three different models in the study "Behavioural Indonesian Disaster
Data Classification in Social Media Using KNN, Random Forest, and RNN in Machine Learning," it can
be concluded that each model has its own strengths and characteristics. The K-Nearest Neighbors
(KNN) model achieved an accuracy of 82%, indicating its ability to handle data based on nearest
neighbors. While the results are satisfactory, there is an indication that KNN may be less effective in
handling complex patterns or high-dimensional datasets.

On the other hand, Random Forest achieved an accuracy of 94%, showcasing its ability to combine
decision trees to enhance performance and reduce overfitting. These results illustrate that Random
Forest could be a more optimal choice for handling various types of datasets.

Ultimately, the Recurrent Neural Network (RNN) model demonstrated the highest performance
with an accuracy of 96%. RNN's primary strength lies in its ability to understand temporal relationships
and sequential patterns in data, making it a robust choice for sequential data like text or time series.

In model selection, it is crucial to consider the specific characteristics of the dataset and the desired
classification analysis. Thus, these findings provide valuable insights to guide the selection of the most
suitable model for the situation and data type at hand. For future research, further exploration is needed
on how these models can be adapted or optimized for various types of disasters and social media data. A
deeper understanding of the factors influencing model performance in the context of disasters in
Indonesia can serve as a foundation for developing more sophisticated and responsive models.

Copyright:
© 2024 by the authors. This article is an open access article distributed under the terms and conditionsof the
Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).
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