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Abstract

Forest fires are a growing global environmental issue that significantly impact ecosystems, human health, and exacerbate climate change. Data
from 2023 indicate that approximately 11.91 million hectares of forest were lost due to fires, highlighting the urgent need for technological
approaches in addressing this issue. One relevant approach is public sentiment analysis based on the social media platform X, which enables the
rapid and real-time capture of public perception. In text-based sentiment analysis, key challenges include high-dimensional feature space and
class imbalance, which can degrade the performance of machine learning algorithms. Therefore, this study applies feature selection methods
based on swarm intelligence, namely Particle Swarm Optimization (PSO) and Firefly Algorithm (FA), to enhance classification efficiency and
accuracy. The models evaluated include Support Vector Machine (SVM), Naive Bayes (NB), and K-Nearest Neighbors (KNN), using the
Knowledge Discovery in Databases (KDD) approach, which involves selection, preprocessing, transformation with Term Frequency-Inverse
Document Frequency (TF-IDF) and Synthetic Minority Oversampling Technique (SMOTE), and data splitting with an 80:20 ratio. Model
performance was evaluated using four metrics: accuracy, precision, recall, and F1-score. The models achieved strong performance on the balanced
training data, indicating effective learning after feature selection, with the fastest execution time recorded by FA optimization at 0.0071 seconds.
To ensure a fair assessment of generalization, the main conclusions of this study are based on the testing results. On the testing data, SVM with
FA achieved the highest accuracy of 96.36% with an execution time of 0.0064 seconds. Overall, swarm intelligence-based feature selection (PSO
and FA) enhances the efficiency of conventional classifiers by reducing high-dimensional feature representations and execution time while
maintaining strong predictive performance for forest-fire sentiment classification.
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1. Introduction

Forest fires are one of the most severe environmental problems, affecting ecosystems, public health, and the global
economy. In addition to causing tree cover loss, forest fires result in significant economic losses, peaking in 2018 at
over 22 billion USD [1]. According to the third session of the Intergovernmental Panel on Climate Change (IPCC)
Sixth Assessment Report (AR6), the area of forest lost due to fire continues to increase, reaching 11.91 million hectares
in 2023 [3]. These disasters highlight the crucial role of technology in detecting, predicting, and responding quickly to
forest fires to protect people and the environment. Forest fires not only affect ecological and economic aspects but also
receive widespread attention on social media.

Social media has become a crucial platform for monitoring public sentiment on environmental disasters, especially
forest and land fires [4]. X platform (formerly Twitter) plays a key role due to its real-time updates and wide global
reach [5]. These online discussions provide rich data for sentiment analysis, allowing researchers and policymakers to
assess public concerns and develop more effective mitigation and awareness strategies. One effective way to achieve
this is by conducting sentiment analysis of public opinion related to forest and land fire incidents. In sentiment analysis,
three common approaches are widely used: lexicon-based, machine learning-based, and hybrid [2]. Among these, the
machine learning-based approach has gained popularity for its ability to automatically learn patterns from data and
classify text into sentiment categories typically positive, negative, or neutral using supervised algorithms such as SVM,
Naive Bayes, and KNN [6].
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Although these conventional classifiers have shown promising performance in large-scale social media datasets, high-
dimensional TF-IDF representations can increase computational burden and reduce efficiency. Moreover, noisy and
redundant textual features may lead to overfitting and reduce model robustness in real-world settings [7]. To address
these issues, hybrid methods combining machine learning and feature selection have been introduced. Feature selection
helps identify relevant features while removing redundant ones, improving both effectiveness and efficiency [8].
Recent studies have demonstrated the effectiveness of swarm intelligence-based methods such as PSO and FA for
optimizing feature selection in sentiment classification [9]. Additionally, to handle class imbalance commonly found
in social media data, the SMOTE is applied only to the training set after the train-test split, ensuring balanced learning
without introducing data leakage and preserving a fair evaluation on the untouched test set [10]. Following this
approach, the present study integrates PSO and FA as feature selection techniques with SMOTE preprocessing to
improve both classification efficiency and performance on global forest fire discussions from the X platform.

These findings affirm the potential of swarm intelligence-based optimization, particularly PSO and FA, in enhancing
the efficiency and reliability of conventional classifiers for sentiment analysis. By combining SMOTE with swarm-
based feature selection, the present study provides a novel contribution to the domain of global forest fire sentiment
classification on social media. This study explores the application of PSO and FA as feature selection techniques to
enhance sentiment classification related to forest and land fire incidents on the X platform.

In addition to improving data balance, researchers have increasingly explored the use of optimization techniques based
on swarm intelligence, particularly PSO and the FA, to enhance both accuracy and computational efficiency. For
example, a study proposed a Chaotic Firefly Algorithm (CFA) for feature selection in Arabic text categorization and
reported that CFA combined with SVM consistently achieved the highest accuracy, nearly 96% across various datasets
[11]. Similarly, another study demonstrated that integrating FA with SVM significantly improved classification
precision from 97.00-98.00% to 99.40% in improving Arabic text classification accuracy [12]. PSO has also shown
strong performance; it was applied to both SVM and Naive Bayes, resulting in 91.30% accuracy for SVM and 93.10%
for Naive Bayes, with the SVM model achieving an AUC of 0.970 [13]. Additionally, a hybrid voting model combining
Random Forest, SVM, and KNN with PSO and Genetic Algorithm (GA) achieved accuracy up to 96.89% across three
benchmark datasets [14].

These findings affirm the superiority of swarm intelligence-based optimization, particularly PSO and FA, in enhancing
both the performance and computational efficiency of conventional classifiers for sentiment analysis. The
implementation of SMOTE combined with swarm-based feature selection, the present study provides a novel
contribution to the domain of forest fire sentiment classification on global social media. This study explores the
application of metaheuristic optimization algorithms, specifically PSO and FA, as feature selection techniques to
enhance sentiment classification related to forest and land fire on the X platform. The key contributions of this research
are as follows: 1) implementing FA and PSO as feature selection optimizers in sentiment analysis tasks, 2) utilizing a
large-scale dataset comprising 10,500 English-language tweets related to forest and land fires collected from the X
platform, 3) conducting a comparative analysis between FA and a competing algorithm, PSO, to evaluate classification
performance, and 4) applying the SMOTE technique only to the training set after data splitting to address class
imbalance and improve model generalization without data leakage.

The structure of this paper is arranged as follows: Section 1 presents the background of the study, describing the
research context and objectives. Section 2 delivers a literature review, highlighting related studies and their relevance
to this work. Section 3 explains the research methodology, including data sources, preprocessing, and modeling steps.
Section 4 provides the main analysis and findings, focusing on the outcomes of sentiment classification. Section 5
discusses the results in depth, interpreting their implications and comparing them with prior studies. Finally, Section 6
concludes the research by summarizing key insights and offering suggestions for future work.

2. Literature Review

Forest fires are among the most visible consequences of climate change, driven by rising global temperatures and
prolonged drought that create drier conditions and accelerate CO- accumulation in the atmosphere [15]. These disasters
not only endanger ecosystems but also result in severe social and economic impacts, including health issues and high
firefighting costs. In recent years, researchers have increasingly utilized social media platforms, especially X platform,
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to analyze public sentiment and awareness toward environmental issues in real time [5]. Sentiment analysis has
therefore become an essential tool for understanding public perception and guiding more effective environmental
policies. Sentiment analysis classifies opinions expressed in text into positive, negative, or neutral categories [16]. In
this study, the VADER lexicon is used for labeling, as it performs well in handling short and informal text typical of
social media. For classification, three machine learning algorithms are implemented: Naive Bayes for probabilistic
modeling, SVM for high-dimensional data classification, and KNN for distance-based categorization. These algorithms
have demonstrated robust performance in prior sentiment analysis research.

To further enhance model performance, feature engineering and optimization techniques are employed. The TF-IDF
method transforms textual data into numerical form suitable for machine learning, while SMOTE addresses class
imbalance commonly found in social media datasets [16]. Additionally, this study integrates PSO and FA as feature
selection methods. PSO, inspired by bird flock movements, and FA, based on firefly attraction behavior, both aims to
identify the most relevant features while reducing dimensionality and computational cost [ 17]. The integration of these
optimization techniques is expected to improve accuracy, efficiency, and overall reliability of sentiment classification
models.

3. Methodology

This study adopts the Knowledge Discovery in Databases (KDD) framework, which consists of a structured process
for extracting useful knowledge from large datasets [18]. The KDD process in this research involves 5 key stages: data
selection, data pre-processing, data transformation, data mining, and evaluation. Each stage plays a distinct role in
preparing the data and extracting insights through sentiment classification. The overall research flow following the
KDD methodology is illustrated in figure 1.
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Figure 1. Stages of Research

Figure 1 illustrates the stages of the KDD process applied in this study, which aims to analyze public sentiment related
to forest fires using X platform data. The KDD framework serves as a systematic approach to extract meaningful
insights from raw data through a sequence of essential steps.

3.1. Data Selection

The initial step in this study involves the selection of data related to public opinions on forest fires, specifically collected
from X platform. The X platform API is utilized to extract both real-time and historical tweets using keyword-based
queries such as “forest fire” and “wildfire”. This approach enables the retrieval of dynamic and large-scale public
discourse, which is essential for understanding real-time sentiment trends during fire-related events. X platform is
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chosen due to its high data volume, public accessibility, and frequent use during disaster events, making it a reliable
source for capturing community responses and opinions [19]. To ensure the relevance of the dataset, filtering based on
keywords helps eliminate unrelated content and focuses only on tweets directly associated with forest fire incidents.

To maintain consistency and relevance in the analysis, the data gathered is restricted to tweets written in English. This
language selection is intended to target a broader, global audience and to facilitate the application of existing natural
language processing tools, which are often optimized for English-language content. Furthermore, the timeframe for
data collection spans one full year, from January 1, 2024, to January 31, 2025. This period was chosen to obtain the
most recent and up-to-date public commentary, capturing discourse surrounding forest fires across different seasons
and regions.

Figure 2 illustrates the data collection workflow using secondary data, which refers to information gathered indirectly
from the source. The data is obtained through a scraping process on platform X using Python, executed within Google
Colaboratory. The collected tweets are stored in a ".csv' file named "Data X.csv'. This scraping process employs the
‘tweet-harvest® library, which integrates with Node.js to enable continuous data extraction despite platform limitations.
Table 1 presents the list of variables included in the dataset.

Input Tweet Harvest Output
0 Aok filename CSV berisi tweets
SRS search_keyword pengguna X
limit

Figure 2. Data Collection Technique

Table 1 displays the key variables included in the dataset. These variables cover tweet metadata such as the timestamp,
content, language, and engagement metrics including quotes, replies, retweets, and likes. Additionally, unique
identifiers for both the tweet and the user are included to support data tracking and analysis.

Table 1. Variable Dataset

Attribute Name Data Type Description

created_at Date Timestamp when the tweet was posted.
id_str String Unique identifier for the tweet.

full text String Complete content of the tweet.
quote_count Numeric Number of times the tweet was quoted.
reply count Numeric Total replies received by the tweet.
retweet_count Numeric Number of times the tweet was retweeted.
favorite count Numeric Total likes received by the tweet.
lang String Language used in the tweet.

user id str String Unique identifier of the tweet's author.

3.2. Data Pre-Processing

Following data acquisition, the tweets undergo a comprehensive pre-processing stage to clean and normalize textual
content. The applied pre-processing steps aim to reduce noise, standardize word forms, and improve the quality of
features used in downstream models. The preprocessing stage was conducted to improve the quality and consistency
of the textual data before feature extraction and classification. First, all characters were converted into lowercase to
ensure uniform word representation, so that words such as “Fire” and “fire” were treated as the same term [20]. The
text was then cleaned by removing irrelevant elements, including URLs, emojis, hashtags, mentions, punctuation
marks, and numbers [20]. After that, tokenization was applied to split each tweet into individual tokens, usually in the
form of words [20]. For example, the sentence “Forest fire is dangerous” was transformed into the token’s “forest”,
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“fire”, “is”, and “dangerous”. Stopword removal was subsequently performed to eliminate frequently occurring words,
such as “the”, “is”, “at”, and “in”, which generally do not carry substantial semantic value for sentiment classification
2

[20]. Lemmatization was then applied to reduce each word to its base or dictionary form; for instance, “running”, “ran”,
and “runs” were reduced to “run” [20].

In addition, words with fewer than three characters were removed because very short tokens often contribute little
semantic meaning in sentiment analysis [20]. A final stopword re-filtering process was also conducted after
lemmatization and short-token removal to ensure that remaining functionally irrelevant tokens were eliminated, thereby
reducing residual noise and improving the quality of the feature set. Finally, the cleaned tokens were joined back into
text sequences to prepare the data for feature extraction methods such as TF-IDF [21]. This rigorous cleaning process
ensures that the dataset is both semantically rich and computationally efficient for further transformation and modeling.

3.3. Data Transformation

The data transformation stage integrates three sequential procedures annotation, text vectorization, and oversampling
to prepare the tweets for machine learning modelling [22]. Sentiment annotation was conducted using VADER, a
lexicon-based sentiment analysis tool designed for short and informal social media texts. In this phase, each tweet was
assigned a sentiment label based on the compound polarity score generated by VADER, which was then mapped into
positive, negative, and neutral classes [23]. These sentiment labels are used as target variables for subsequent machine
learning models. VADER was chosen for its practicality in large-scale automatic labeling; however, as a general-
domain lexicon, it may not fully capture sarcasm, implicit sentiment, cultural nuance, or disaster-specific expressions.
Thus, the resulting labels may contain weak-label noise, which represents a common trade-off in large-scale sentiment
studies.

Text Vectorizations with TF-IDF was conducted to transform the preprocessed textual data into a numerical
representation suitable for machine learning algorithms. In this study, the TF-IDF method was employed to assign
weights to terms based on their frequency in a document and their importance across the entire corpus, thereby enabling
the model to emphasize more informative and contextually significant terms [24]. Equation (1) presents the formula
for calculating the augmented Term Frequency (TF) [24]:

i (td) = 0.5+ 0.5 x —LED__ (1)

maxgeq tf(t)d)

t denotes a term, d denotes a document (tweet), tf(t,d) is the frequency of term t in document d, and
maxpeq tf (t',d) is the maximum term frequency of any term t’ within document d. This normalization reduces bias
toward overly frequent terms and variations in document length. In addition, the formula for calculating IDF (Inverse
Document Frequency) is presented in Equation (2) [25]:

D+1

Fo+0 ! @

id f ® = lOg(
In Equation (2), the IDF quantifies the importance of a term ¢ across a set of documents. Where D is the total number
of documents in the corpus and df (t) is the number of documents containing term t. The logarithmic function serves
to diminish the weight of terms that appear in many documents, thereby highlighting terms that are more distinctive.
This approach is widely used in the TF-IDF scheme to improve the accuracy of text representation in information
retrieval and text mining applications.

Data Splitting was performed by dividing the transformed dataset into training and testing subsets to evaluate the
model’s generalization capability. Following standard practice, this study adopted an 80:20 ratio, where 80% of the
data was used to train the model, while the remaining 20% was reserved for testing its predictive accuracy on unseen
data [26]. This split ensures a fair evaluation of the model’s performance and prevents overfitting.

Oversampling with SMOTE was applied to address class imbalance in the sentiment classification dataset, where one
sentiment category may be more dominant than others. To mitigate this issue, the SMOTE algorithm was employed to
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generate synthetic samples for the minority class, thereby creating a more balanced dataset and improving the model’s
ability to learn from underrepresented sentiment categories [27]. The dataset was first split into training and testing sets
using an 80:20 ratio. To address class imbalance, SMOTE was applied only to the training set. The resulting balanced
training data were then transformed using TF-IDF and further optimized using PSO and FA as feature selection
techniques. Finally, model performance was evaluated on the original untouched test set using accuracy, precision,
recall, and F1-score. This method creates artificial samples of the minority class by interpolating between existing
instances, effectively balancing the class distribution and mitigating classifier bias toward the majority class. This
improves model robustness and predictive performance. The following equation formula for the SMOTE technique is
shown in Equation (3) [28].

View=Vi+ (M; — V;) X P (3)

In Equation (3), a new synthetic sample is generated along the line segment between a minority class instance and one
of its nearest neighbors. The term introduces a controlled variation, where P is a random value between 0 and 1 that
determines how close the synthetic point is to either or This interpolation strategy ensures that the newly generated
instance remains within the minority class region, thereby improving class balance without introducing noise. This
method forms the basis of the SMOTE, which is commonly used to handle imbalanced datasets by increasing the
number of minority class samples.

3.4. Feature Selection Techniques

To further enhance the efficiency and accuracy of the classification model, this study incorporates feature selection
techniques based on swarm intelligence algorithms, which can identify the most relevant and informative features from
high-dimensional datasets, thereby reducing computational complexity and improving predictive performance [29].
Specifically, this study utilizes two swarm intelligence techniques PSO and the FA due to their demonstrated ability to
optimize feature subsets and boost classification outcomes.

PSO is a population-based metaheuristic inspired by the collective behavior of animals such as bird flocks or fish
schools during foraging. Each particle represents a candidate solution and adjusts its position in the search space based
on its own experience and that of the swarm. Movement is influenced by the particle's personal best and the global best
positions, allowing the swarm to balance exploration and exploitation in the search for optimal solutions.

PSO is an optimization technique inspired by the behavior of animal swarms, such as birds or fish, during food searches.
Each particle represents a potential solution moving through an N-dimensional search space in this method. Particles
adjust their position based on their own best experience (Pbest) and the best-known position in the group (Gbest). By
updating their velocity using this information, particles collaboratively explore and exploit the search space. The
process continues until a stopping criterion is met, making PSO an effective approach for finding optimal or near-
optimal solutions. The update rules for PSO are defined by two mathematical formulations that iteratively adjust the
velocity and position of each particle [30].

vt = wovf + oy (pi — x0) + 1, (pg — x0) @
xf = xf 4 vt

In Equation (4), each particle updates its velocity vector v{*! based on three components: the inertia term w. v}, the
cognitive component ¢, 74 (p"i — x°i), and the social component ¢,7,(p”g — x7i). Here, w is the inertia weight controlling
the influence of the previous velocity, c; and ¢, are acceleration coefficients, and 7, 1, are random numbers uniformly
distributed in [0, 1], which introduce stochastic behavior to maintain diversity in the search space. After updating the
velocity, the new position x{** is computed by adding the updated velocity to the current position. This mechanism
enables each particle to explore the search space by balancing individual experience (personal best p”i and collective

knowledge (global best (p°g)). The detailed pseudocode of the PSO algorithm is presented in table 2.

Table 2. Particle Swarm Optimization Pseudocode [31]

Step Description
1 Initialize a swarm of particles with random positions and velocities in a D-dimensional space.
2 Start the main loop
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3 For each particle, calculate its fitness based on the objective function
Compare the current fitness of each particle with its previously recorded best (pbesti). If the current result is better:
4 e Update pbesti with the new fitness value.
e Update the particle's best-known position (pi) to its current position (Xi).
5 Determine the particle with the highest fitness in the neighborhood and set its index as g (global best).
Adjust the velocity and position of each particle using the standard PSO update equations.

Repeat the loop until a stopping condition is met, such as reaching a fitness threshold or maximum number of
iterations.

The FA is a nature-inspired optimization method that mimics the flashing behavior of fireflies. It is based on the idea
that fireflies are attracted to brighter individuals, where brightness is associated with the quality or fitness of a solution
[32]. Fireflies adjust their positions depending on their relative brightness, which decreases with increasing distance.
The algorithm promotes exploration and exploitation by combining deterministic attraction with random movement.
This behavior enables the algorithm to effectively search for optimal or near-optimal solutions in complex, high-
dimensional spaces. The update rules for FA are [33]:

rl%- is the euclidean distance between fireflies { and j, d is the dimensionality of the solution vector, 5, is attractiveness
atr = 0, y is the absorption coefficient, & is the randomization parameter, and € is a random vector. In Equation (5),

the new position x{** of firefly i is updated based on its current position x{, the attractiveness toward another brighter

firefly j, and a randomization component. The term ﬁoe_yrizf (xf + x}) represents the attractiveness function, where 3,
is the attractiveness at distance zero, y is the light absorption coefficient, and 7;; is the Euclidean distance between
firefly i and firefly j. This component models the movement of firefly i toward firefly j based on brightness and distance.
The term ae introduces randomness to enhance exploration, where a is the randomization parameter and € is a vector
of random numbers drawn from a uniform or Gaussian distribution. Together, these components allow the fireflies to
converge toward brighter and potentially better solutions while maintaining diversity in the population. The detailed
pseudocode of the Firefly Algorithm is presented in table 3.

Table 3. Firefly Algorithm Pseudocode [34]

Step Description

1 Initialize a population of fireflies with random positions in a D-dimensional search space.

) Set algorithm parameters: light absorption coefficient (y), attractiveness coefficient (o), and randomization parameter
(a).

3 Start the main loop:

4 Evaluate the fitness of each firefly based on the objective function.

For every pair of fireflies i and j:
o If firefly j is brighter than i move firefly i toward j using the movement formula.

Apply random movement to enhance diversity in the swarm
Update the brightness of each firefly based on the new fitness.

8 Repeat the process until a stopping condition is satisfied (e.g., maximum iterations or desired fitness achieved).
Both PSO and FA are used to reduce dimensionality while preserving classification performance, thereby enhancing
the speed and interpretability of the sentiment analysis models. By selecting the most relevant features, these
optimization algorithms help eliminate noise and redundant data that could hinder model accuracy. As a result, the
models not only perform faster but also become easier to analyze.

NN WD

After selecting the most relevant features, the study employs three widely used supervised learning algorithms to
perform sentiment classification. SVM is a supervised learning method commonly used for classification tasks in
machine learning. It can handle both binary and multiclass classification problems and is supported by strong statistical
theory. Due to its effectiveness in dealing with large datasets, SVM is considered a powerful yet complex algorithm.
It identifies the optimal hyperplane by maximizing the margin between classes. This hyperplane acts as a boundary,
with the widest margin known as the Maximum Margin Hyperplane. Two parallel lines on either side, called the
Positive and Negative Hyperplanes, touch the nearest data points from each class, known as Support Vectors. These
vectors determine the optimal position of the hyperplane. The algorithm begins by analyzing the training data to
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separate the classes and identify outliersdata points that fall outside the decision boundary. Equation (6) represents the
mathematical formula for the hyperplane in the SVM algorithm [31]:

w-x+b=0 (6)

In Equation (6), the SVM defines a decision boundary using the hyperplane formula w - x + 4 = 0. In this equation, w
denotes the weight vector that determines the orientation of the hyperplane, while x represents the input feature vector.
The dot product operation w - x calculates the projection of the input onto the weight vector. The term b is the bias,
which shifts the hyperplane away from the origin. The equation being equal to zero indicates that it defines the
hyperplane that separates data points from two different classes. This mathematical formulation allows SVM to
construct an optimal separating hyperplane by maximizing the margin between the support vectors of each class.

Naive Bayes is a relatively simple yet powerful classification algorithm that estimates class probabilities by analyzing
the frequency and distribution of feature values within a dataset. It is grounded in Bayes’ Theorem and operates under
the strong assumption that all features are conditionally independent given the class label [35], meaning that the joint
probability of a set of features can be computed as the product of the individual probabilities of each feature. The Naive
Bayes algorithm divides the feature space into classification regions based on the posterior probability of each class. It
estimates the likelihood that a data point belongs to a particular class by considering the distribution of features within
that class. The formula used in this method is presented in Equation (7) [36].

P(H) x P(H)

TR (7)
P(X|H) x P(H)
P(X)
probability of class H given data X. P(X|H) represents the likelihood, P(H) is the prior probability of the class, and
P(X) is the evidence or the overall probability of the input data. This equation enables classification by selecting the

class with the highest posterior probability, assuming feature independence.

P(X)

In Equation (7), the Naive Bayes formula is expressed as P(H|X) , where P(H|X) is the posterior

The KNN algorithm classifies data by identifying the K nearest neighbors to determine the class of a new data point
[37]. It operates in a high-dimensional space and does not rely on fixed parameters, making it flexible in classification
tasks. The working principle of the KNN algorithm, where a test point (Xu) is classified based on its proximity to the
K nearest training data points. The algorithm calculates the distance between the test point and all training data, then
selects the K closest neighbors. The class with the highest frequency among these neighbors becomes the predicted
class for Xu. In the example, Xu has neighbors from three different classes (W1, W2, and W3) and is assigned to the
majority class. One commonly used distance metric is Euclidean distance, which measures the straight-line distance
between two points in a two-dimensional space. This is calculated using the Pythagorean theorem, as shown in Equation

(8) [38].
d(x, y) 22 (x; — yi)? )]

In Equation (8), the Euclidean distance d(x, y) is computed between two vectors x and y by taking the square root of
the sum of squared differences between their corresponding components. Here, x; and y; represent the i-th feature
values of vectors x and y, respectively, while mmm denotes the total number of dimensions or features. This distance
metric is commonly used in the KNN algorithm to measure similarity between data points in a multidimensional space.

The final phase of the classification process involves evaluating the model's performance using standard metrics
derived from the confusion matrix [39]. These metrics Accuracy, Precision, Recall, and F1-Score in Equation (9-12)
are essential for understanding various aspects of a model’s predictive capabilities. Accuracy is the most used metric
to evaluate classification performance due to its straightforward interpretation. It represents the ratio of correctly
predicted instances to the total number of predictions made. Although widely adopted, accuracy alone may be
insufficient when dealing with imbalanced datasets, as it may provide a misleading impression of model performance
[17].
TP+ TN

A - 9
Ay = TP Y FP+ FN + TN ©)
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Precision is a critical metric that focuses on the quality of positive predictions. It quantifies how many of the predicted
positive instances are truly positive. This measure is particularly important in contexts where false positives carry
significant consequences, such as spam detection or medical diagnosis [17].
TP
Precision = ———= 10

TP + FP (10)
Recall measures the model’s ability to detect all actual positive instances within a dataset. It is especially important in
scenarios where missing a true positive instance can lead to serious implications, such as in emergency alert systems
or disease detection. A high recall indicates that the model successfully identifies most relevant cases, although it may
result in more false positives [17].

TP

TP+FN (11

Recall =

The F1-Score offers a comprehensive assessment by merging precision and recall into one harmonic average. It is
particularly useful when the dataset is imbalanced and both false positives and false negatives need to be minimized.
A high F1-Score suggests that the model maintains a good trade-off between identifying relevant instances and avoiding
incorrect positive predictions [17].

2 x Recall x Precision
F1 — Score = (12)

Recall + Precision

Execution time measures how long a model takes to classify 10,430 test tweets, recorded in seconds using the time
module in Python. These measurements focus on the inference phase on the test data, with execution time also evaluated
separately on the training data for comparison. In addition, the total time for the inference process on the combined
training and test data is calculated to provide a practical estimate of end-to-end performance in real-world scenarios.
To enhance reproducibility and contextualize the speed results, all experiments were conducted in a consistent cloud-
based environment (Google Colab Pro) equipped with a single NVIDIA A100 GPU with 40 GB of VRAM. All models
were executed under identical computational settings to ensure fair runtime comparisons. The results show that the
models can complete the classification of the test data in under 1 second, which is considered ideal for supporting fast
decision-making in real-time applications such as live social media monitoring or fraud detection [40].

4. Results and Discussion

4.1. Data examination

During the data collection stage, a technique called crawling was used to retrieve data from X platform. This technique
utilized the X platform API with the help of the Python programming language. The data collected in this study consists
of 10,500 tweets containing global comments about forest fires, gathered between January 1, 2024, and January 1,
2025. The tweets were specifically filtered using the English-language keywords “forest fire” and “wildfire”. To
prepare the collected tweets for sentiment classification, several preprocessing steps were applied to ensure the data
was clean and suitable for analysis. These steps included case folding to convert all text to lowercase, removal of
punctuation and irrelevant characters, elimination of stopwords to reduce noise, and tokenization to break down the
text into individual terms. The following results of the pre-processing stage are shown in table 4.

Table 4. Results of The Pre-processing Stage

Processed Result
opinion: a fire begins to burn in a forest. all you have is a flying air-vacuum drone made of 100% quartz
Lower Text + steel that smoke and fire enter through stainless steel hoop then laser-spew that smoke at the fire to

suffocate its fuel of oxygen. a fire can’t burn without oxygen. ???

opinion a fire begins to burn in a forest all you have is a flying airvacuum drone made of quartz steel that
Data Cleaning smoke and fire enter through stainless steel hoop then laserspew that smoke at the fire to suffocate its
fuel of oxygen a fire can’t burn without oxygen
['opinion', 'a', 'fire', 'begins', 'to', 'burn’, 'in', 'a', 'forest', 'all', 'you', 'have', 'is', 'a', 'flying', 'airvacuum’,
'drone', 'made’, 'of, 'quartz, 'steel’, 'that', 'smoke', 'and', 'fire', 'enter', 'through', 'stainless', 'steel', 'hoop/,
'then', 'laserspew’, 'that', 'smoke', 'at', 'the', 'fire', 'to', 'suffocate’, 'its', 'fuel', 'of', 'oxygen', 'a', 'fire', 'can’, 't',
'burn’, 'without', 'oxygen']

Tokenization
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['opinion', 'fire', 'begins', 'burn’, 'forest', 'flying', 'airvacuum', 'drone’, 'made’, 'quartz’, 'steel’, 'smoke’, 'fire',
Stopword ‘enter', 'stainless', 'steel’, 'hoop', 'laserspew’, 'smoke', 'fire', 'suffocate', 'fuel', 'oxygen', 'fire, 'burn’,

‘without', 'oxygen']

['opinion', 'fire', 'begin', 'burn', 'forest', 'flying', 'airvacuum’, 'drone', 'made', 'quartz', 'steel’, 'smoke', 'fire’,
Lemmatization ‘enter', 'stainless', 'steel’, 'hoop', 'laserspew’, 'smoke', 'fire', 'suffocate', 'fuel', 'oxygen', 'fire', 'burn’,
'without', 'oxygen']
['opinion', 'fire', 'begin’, burn', 'forest', 'flying', 'airvacuum', 'drone’, 'made’, 'quartz’, 'steel’, 'smoke', 'fire',
‘enter', 'stainless', 'steel, 'hoop', 'laserspew’, 'smoke', 'fire', 'suffocate', 'fuel', 'oxygen', 'fire', 'burn',
'without', 'oxygen']

Remove Words
with Length < 3.

After preprocessing, the dataset was reduced to 10,430 cleaned tweets. Prior to model training, sentiment labels had
been assigned to each tweet using the VADER tool, which classifies text based on polarity scores. To ensure label
reliability, the output generated by VADER was reviewed and validated by a language expert with a doctoral
qualification in applied linguistics. Table 4 presents a sample of the sentiment labeling results obtained through
VADER. An example of the sentiment labeling results using VADER is presented in table 5.

Table 5. Example of the Sentiment Labeling

Final Text Labeling
opinion fire begins burn forest fly airvacuum drone made quartz steel smoke fire enter stainless steel hoop .

. negative
laserspew smoke fire suffocates fuel oxygen fire burn without oxygen
look like forest fire beautiful positive
nobody knows sure let see either trump want fire politics forever positive
there forest fire winter toronto negative

Table 5 shows the results of the data labeling process using VADER. Sentiment is divided into three categories:
positive, negative, and neutral. After data annotation, the textual data was transformed into numerical form using the
TF-IDF method, which calculates the importance of words relative to their frequency across documents, allowing the
machine learning model to process tweet texts as meaningful numerical vectors, as illustrated in figure 3.

Mever Statewnde Strengthen Unweils Wildfire bias birthday she \
a.8 a.a = 8.2 o.a8 H a.a
8.8 a.8 - 8.8 8.8 - 8.8
8.8 8.8 - 8.8 8.8 - 8.8
e.8 a.a = 2.2 9.8 H a.a
8.8 a.a = 8.8 9.8 H a.a

slipping  wlt
a.a
a.8
a.8
a.a
a.a

Figure 3. Example of Sparse TF-IDF Feature Values After SMOTE Oversampling

Figure 3 presents the output of the TF-IDF transformation applied to a collection of tweets. Each column corresponds
to a unique word, while each row represents an individual tweet. The numerical values indicate the importance of each
word within a tweet relative to the entire corpus. This transformation enables the machine learning model to interpret
textual data as structured numerical input for further analysis. After this process is successfully executed, the SMOTE
is applied to address class imbalance in the dataset. This technique generates synthetic examples for the minority class
to ensure a more balanced distribution. All values are 0.0 because the selected words do not appear in those specific
tweet rows. In TF-IDF, a word only gets a non-zero value if it exists in a document. Since each tweet contains only a
few words while the feature space contains many terms, most values become zero. This is normal because TF-IDF
produces a sparse matrix and does not indicate an error.

As a result, the model can process the data more fairly and accurately, with the visualization of SMOTE application
shown in figure 4. Figure 4 illustrates the sentiment distribution before and after applying SMOTE. Initially, the dataset
was imbalanced, with 4,020 negative, 1,449 neutral, and 2,875 positive instances. After applying SMOTE, each
sentiment class was balanced to approximately 4,015 instances, ensuring equal representation of negative, neutral, and
positive sentiments. This balancing process helps prevent bias during model training and improves classification
performance across all classes. The final process at this stage is to divide the data into training and testing subsets using
an 80:20 ratio to ensure sufficient data for model training while retaining some for evaluation.
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Figure 4. Sentiment Class Distribution Before and After Applying SMOTE Oversampling to Balance the Dataset

This study employed two types of datasets, namely a training set that was balanced using SMOTE to address class
imbalance and enhance model learning, and a test set that remained unaltered to ensure an unbiased evaluation of model
performance. Following data cleaning and preprocessing, feature selection was conducted using two swarm intelligence
algorithms PSO and FA. The selected features were then used to train classification models, including SVM, Naive
Bayes, and KNN. The test data was processed directly by the classifiers without SMOTE to reflect real-world scenarios.
Among all tested models, the SVM consistently achieved the superior performance, characterized by the highest
accuracy along with consistent precision, recall, and F1-score metrics, which was observed in the SVM algorithm. The
following is a graphic display of the comparison of the accuracy of each model in figure 5.

1ud

100

96.36% 96.36%

95.82%
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91.46%
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l 2 l
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Figure 5 presents a comparison of model accuracy with and without the application of feature selection techniques.

SVM+PSO SVM+FA NB+P50 NB+FA KNN+PS0 KNN+FA
Algorithm
The Support Vector Machine consistently achieved the highest accuracy, reaching 96.36% both with and without the
integration of the Firefly Algorithm, demonstrating strong robustness and stability. In contrast, Naive Bayes recorded
the lowest accuracy, decreasing to 85.13% when optimized with Particle Swarm Optimization, while remaining steady
at 86.76% with and without the Firefly Algorithm. Meanwhile, the K-Nearest Neighbor algorithm exhibited relatively
consistent performance, with a slight improvement to 91.46% when Particle Swarm Optimization was applied. In terms
of execution time, Firefly Algorithm significantly reduced processing time for all models. Support Vector Machine
dropped from 31.955 to 0.0064 seconds, Naive Bayes from 331.044 to under 1 second, and K-Nearest Neighbor from
639.598 to under 1 second. This highlights that feature selection not only maintains accuracy but also greatly enhances
efficiency, making models more suitable for real-time or large-scale use. To further substantiate these findings, the
confusion matrix provides a detailed breakdown of Support Vector Machine classification performance on the testing
dataset. The matrix indicates a high number of correctly classified instances across all sentiment categories, particularly
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Figure S. Comparison of Accuracy of All Models
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within the negative and positive classes. These results reaffirm the model's high accuracy and the beneficial impact of
feature selection on classification precision, as illustrated in figure 6.
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Figure 6. Confusion Matrix of Best Model

Figure 6 presents the confusion matrix for the testing data, illustrating the model's performance in classifying sentiment
into negative, neutral, and positive categories. The model correctly classified 981 negative, 334 neutral, and 684
positive instances. Misclassifications are relatively minimal, with the most notable errors involving 28 positive samples
predicted as negative and 23 negative samples predicted as positive. Overall, the matrix demonstrates strong
classification accuracy, particularly for the negative and positive classes, indicating that the model effectively
distinguishes sentiment categories with limited overlap. This result is further supported by figure 7, which shows the
number of predictions per class across different models, highlighting the consistency and superiority of Support Vector
Machine in handling sentiment classification.
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Figure 7. Number of Predictions per Class for Each Model

Figure 7 shows the prediction count for each sentiment class produced by all models. The Support Vector Machine
performed best in the Negative class, with 983 correct predictions, and in the Positive class, with 691, while maintaining
336 correct predictions in the Neutral class. When combined with Particle Swarm Optimization, the prediction pattern
remained similar. However, using the Firefly Algorithm led to lower counts in several categories, particularly in the
Neutral and Positive classes. Naive Bayes showed a balanced distribution with 919 predictions for Negative and 625
for Positive, but adding optimization methods did not significantly improve class-wise predictions. K-Nearest Neighbor
had the highest Neutral-class predictions with 349. With the Firefly Algorithm, KNN exhibits improved class-wise
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prediction counts, particularly for the Negative and Positive sentiments. Overall, each model showed distinct strengths
in classifying specific sentiments, as illustrated in figure 8.
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Figure 8. Model Performance Comparasion

Figure 8 illustrates a comprehensive comparison of model performance on the testing dataset, focusing on evaluation
metrics: accuracy, precision, recall, and F1-score. Support Vector Machine stands out as the most robust classifier,
consistently achieving high scores across all metrics regardless of whether feature selection was applied. Support
Vector Machine integrated with the Firefly Algorithm maintained strong and stable performance, highlighting the
effectiveness of swarm intelligence-based feature selection in enhancing classification outcomes. On the other hand,
Naive Bayes produced the lowest scores, with minimal gains observed even after applying optimization techniques.
Meanwhile, K-Nearest Neighbor demonstrated notable improvements, especially when combined with Particle Swarm
Optimization, which led to increased precision and F1-score. The detailed performance metrics corresponding to each
model configuration are provided in table 6.

Table 6. Model Performance Summary

Algorithm Feature Accuracy Accuracy Precision  Recall Test F1-Score Execution

Selection Train (%) Test (%) Test (%) (%) Test (%) Time (s)
- 100.0 96.36 96.00 96.00 96.00 31.955

SVM PSO 100.0 95.82 96.00 96.00 96.00 26.7769
FA 100.0 96.36 96.00 96.00 96.00 0.0064

- 88.21 86.76 87.00 87.00 87.00 331.044
Naive Bayes PSO 87.17 85.13 85.00 85.00 85.00 0.0093
FA 88.23 86.76 87.00 87.00 87.00 0.0071

- 100.0 90.41 92.00 90.00 91.00 639.598
KNN PSO 100.0 91.46 91.00 91.00 91.00 0.9398
FA 100.0 90.41 92.00 90.00 91.00 0.7535

Table 6 presents the evaluation of model performance based on training and testing accuracy, precision, recall, F1-
score, and execution time. Among all models, Support Vector Machine consistently performed best, achieving 100%
training accuracy and 96.36% testing accuracy in both baseline and Firefly Algorithm versions. Although perfect
training accuracy can indicate overfitting, the use of the SMOTE balanced class distribution by generating synthetic
samples for minority classes, improving model generalization.

Feature selection methods based on swarm intelligence, including Particle Swarm Optimization and Firefly Algorithm,
improved both accuracy and computational efficiency. The Support Vector Machine model combined with Particle
Swarm Optimization maintained a similar test accuracy of 95.82% while reducing execution time from 31.955 s to
26.7769 s. Meanwhile, the Firefly Algorithm-based version achieved even higher efficiency, with an execution time of
only 0.0064 s without reducing accuracy. Similar patterns were also observed in K-Nearest Neighbor and Naive Bayes,
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where optimization preserved model accuracy while significantly reducing computation time. These findings indicate
that swarm-based feature selection is effective in optimizing both classification accuracy and processing speed.

It is important to note that several models achieved 100% training accuracy. While this indicates that the classifiers
can fit the balanced training data effectively, such perfect training performance may also signal potential overfitting,
particularly given the high-dimensional TF-IDF feature space. Therefore, the main conclusions of this study are derived
from the testing results, which better reflect generalization performance in unseen data. Future work may further
strengthen robustness by incorporating cross-validation and additional generalization analyses.

4.2. Discussion

This study highlights the important role of feature selection in improving both the effectiveness and efficiency of
sentiment classification models for forest fire-related tweets. Specifically, this study examines how swarm intelligence-
based optimizers, namely Particle Swarm Optimization and Firefly Algorithm, affect the performance of three widely
used classifiers: Support Vector Machine, Naive Bayes, and K-Nearest Neighbor. As summarized in table 7, the
integration of PSO and FA with these classifiers produces varying performance gains, indicating that the impact of
optimization depends on the underlying learning mechanism of each model and the high-dimensional nature of TF-
IDF features. Furthermore, table 7 provides a broader comparison that contextualizes the findings against related
studies, reinforcing the relevance of swarm-based feature selection for improving sentiment classification in disaster-
related social media data.

From a cost—benefit perspective, the findings suggest that swarm intelligence-based feature selection offers substantial
efficiency gains while largely preserving competitive accuracy. In several cases, the optimized models achieve
comparable test performance to their baseline counterparts while drastically reducing execution time, indicating that
the primary benefit of PSO and FA lies in mitigating the computational burden associated with high-dimensional TF-
IDF features. This trade-off is particularly advantageous for real-time or large-scale applications such as live public
sentiment monitoring during disaster events. However, for use cases that prioritize simplicity or interpretability over
speed, conventional classifiers, especially Naive Bayes, remain practical options. In such contexts, swarm-based
feature selection can be treated as an optional enhancement rather than a mandatory component of the sentiment
analysis pipeline.

Table 7. Modeling Accuracy Comparison

Model Feature Accuracy (%)

Selection This Study Previous Study
SVM PSO 95.82 98.20 [19]
Naive Bayes PSO 85.13 93.10 [24]
KNN PSO 91.75 90.17 [16]
SVM FA 96.36 89.10 [18]

Table 7 presents a comparative analysis of classification model performance after applying PSO as a feature selection
technique, with results from this study benchmarked against prior research. The SVM model combined with PSO
achieved an accuracy of 95.82%, which is slightly lower than the 98.20% reported in a previous study [19] yet still
indicates strong performance under the dataset and pipeline used in this work. Naive Bayes with PSO reached 85.13%,
lower than the 93.10% reported in earlier work [24], suggesting that the effectiveness of PSO may vary depending on
classifier characteristics and the specific properties of the dataset. Meanwhile, KNN combined with PSO achieved
91.75%, slightly outperforming the 90.17% in prior studies [16], highlighting its competitive potential. It is important
to note, however, that direct cross-study comparisons should be interpreted cautiously due to possible differences in
dataset scope and size, labeling strategy, preprocessing steps, feature representation, imbalance handling, parameter
settings, and evaluation protocols. Therefore, table 7 is intended to contextualize our results and to show that PSO-
based feature selection remains competitive within the standardized experimental setting of this study.

These findings collectively highlight the strengths and limitations of using PSO across different classifiers. Although
SVM consistently delivers high accuracy, the relatively lower performance of Naive Bayes suggests that classifier
selection plays a critical role in maximizing the benefits of feature selection techniques. Furthermore, this study's
broader contribution lies in its use of both PSO and the FA, offering a more comprehensive evaluation than previous
works that typically focus on a single method. By systematically comparing multiple algorithms using a standardized
preprocessing pipeline and consistent dataset, the study provides robust insights into the trade-offs between accuracy,
model complexity, and suitability for real-time sentiment analysis. These results underscore the need for careful
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alignment between feature selection methods and classification algorithms to achieve optimal performance in
environmental discourse analysis on social media platforms.

5. Conclusion

This study analyzes global forest fire sentiment using English tweets from the X platform through a KDD framework
involving data cleaning, VADER labeling, TF-IDF transformation, and SMOTE balancing. The performance of
Support Vector Machine, Naive Bayes, and K-Nearest Neighbors was evaluated with and without swarm intelligence-
based feature selection using Particle Swarm Optimization and the Firefly Algorithm. The Support Vector Machine-
Firefly Algorithm model achieved the highest accuracy of 96.36% with a very fast execution time of 0.0064 seconds.
KNN optimized with PSO improved its accuracy to 91.75% while reducing execution time to 0.93 seconds. Although
Naive Bayes achieved a lower maximum accuracy of 86.76%, it remained the fastest model with execution time under
0.01 seconds, making it suitable for scenarios where speed is prioritized over precision. Overall, swarm intelligence-
based feature selection demonstrates strong potential to enhance both the effectiveness and efficiency of conventional
sentiment classifiers. This study has several limitations. First, sentiment polarity was derived using VADER, which
may be less reliable for sarcasm, irony, or context-heavy expressions. Second, disaster-related discussions often contain
domain-specific sentiment cues that may not be fully represented in a general-purpose lexicon. Third, cultural and
regional variations in language use may also influence polarity interpretation even within English tweets. Future work
should expand the dataset across languages and time to assess generalizability and temporal robustness. Label
reliability can be strengthened by incorporating a manually annotated subset, exploring domain-adapted sentiment
resources for disaster discourse, and integrating sarcasm detection to better handle implicit and nuanced expressions.
In addition, further studies may explore other swarm algorithms such as Salp Swarm Algorithm (SSA), Cat Swarm
Optimization (CSO), and Grey Wolf Optimizer (GWO) as these methods offer different exploration—exploitation
behaviors compared to PSO and FA, which may yield more robust feature subsets in high-dimensional TF-IDF settings.
Future research should also test various SVM kernels and compare alternative imbalance-handling strategies, including
Random Over-Sampling (ROS) and Adaptive Synthetic Sampling (ADASYN), applied only to the training set. Finally,
the optimized models should be evaluated within real-time public monitoring or policy-support systems to enable faster
and more reliable crisis response.
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