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Abstract--This study explores earthquake 

classification in Indonesia, a region known for its high 
seismic activity due to the convergence of the Indo-
Australian, Eurasian, and Pacific tectonic plates. The 
analysis uses earthquake data from the Meteorology, 
Climatology, and Geophysics Agency and covers 
earthquakes for the year 2024, combining descriptive 
statistics, Pearson correlation, and ensemble machine 
learning approaches. Descriptive statistics are applied to 
observe patterns, such as frequency, magnitude, depth, 
and spatial distribution of earthquakes, while Pearson 
correlation is used to examine relationships between 
variables. In addition, three ensemble models, Random 
Forest, XGBoost, and LightGBM, are implemented for 
earthquake classification. The results show that Random 
Forest and LightGBM achieved a perfect accuracy of 
100%, whereas XGBoost reached 99.4% accuracy but 
showed slightly lower precision in identifying hazardous 
events. The correlation analysis indicates that magnitude 
is the most influential variable in determining hazard 
levels, with a correlation coefficient of r = 0.3605. In 
contrast, temporal variables such as hour and month 
contribute little. These findings highlight the importance 
of magnitude in earthquake classification and 
demonstrate the potential of combining statistical 
analysis. 
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I.  INTRODUCTION 

Indonesia is one of the countries with the 
highest level of seismic activity in the world due 
to its location at the confluence of three major 
tectonic plates: Indo-Australian, Eurasian, and 
Pacific [1]. Indonesia is a country most at risk of 
being affected by earthquakes. The intensity of 
earthquakes throughout 2022 in Indonesia was 
recorded at 10,792. A total of 22 earthquake 
events were destructive earthquakes [2]. Although 
the government has developed early warning 
systems, such as InaTEWS, their effectiveness is 
still questionable. Some earthquakes have 
triggered sirens in the absence of a tsunami, or 
vice versa, tsunamis have occurred without proper 

warning [3].  
Previous research has focused on correlations 

between seismic parameters to accelerate 
magnitude estimation. Among those used are the 
dominant period of the P wave and the rupture 
duration, which have a strong correlation with the 
moment magnitude. A local study in North 
Sumatera produced a linear regression equation 
with an R² of 71.96% [4] and the national study 
yielded a correlation of 76.2% [5]. However, most 
of these studies only rely on conventional 
statistical methods, such as linear regression, and 
have not integrated more complex models to 
capture nonlinear relationships. 

In the context of technology, the use of 
machine learning, especially ensemble methods 
such as Random Forest, XGBoost, and 
LightGBM, has shown superior predictive 
performance. One study compared five models for 
earthquake magnitude classification and found 
that LightGBM had the best accuracy, followed 
by Random Forest and XGBoost [6]. In addition, 
the XGBoost model was successfully used for 
tsunami potential classification based on 
earthquake data with an accuracy of up to 85%, 
especially after data balancing using the SMOTE 
method [2]. 

On the other hand, text-based approaches, such 
as natural language processing (NLP), are also 
being used, for example, to analyze the 
distribution of earthquake locations from Twitter 
data, which can complement official seismic data 
and support real-time visualization of earthquake 
distribution [7]. 

However, most studies have not thoroughly 
combined descriptive statistics, Pearson 
correlation, and ensemble machine learning 
methods in one predictive framework. Therefore, 
this study aimed to develop an earthquake 
magnitude classification model in Indonesia by 
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utilizing earthquake depth and geolocation data, 
using a combination of descriptive statistics, 
Pearson correlation, and random forest, XGBoost, 
and LightGBM models. 

This research is expected to provide benefits in 
the form of improving the accuracy of early 
warning systems, supporting decision-making in 
disaster mitigation, and providing scientific 
contributions through the integration of statistical 
and machine learning methods that are adaptive to 
the characteristics of earthquakes in Indonesia. 

II.  METHOD 

The research methodology is designed to 
develop a predictive model for classifying 
earthquake events in Indonesia using a binary 
classification approach based on seismic data 
obtained from the Meteorology, Climatology, and 
Geophysics Agency and covers earthquakes. The 
model aims to distinguish between earthquakes 
and non-earthquakes by using magnitude along 
with spatial and temporal characteristics. To 
ensure a systematic and reliable process, the study 
is conducted through several interconnected 
stages, including data collection, preprocessing, 
model development, validation, and result 
interpretation. 

 

 
Fig. 1.  Research methodology stage 

 

This research aims to predict earthquakes in 
Indonesia using a combination of statistical and 
machine learning approaches. There are five main 
stages carried out: descriptive statistical analysis, 
Pearson correlation analysis, and implementation 
of three ensemble learning models (Random 
Forest, XGBoost, and LightGBM). 

 
 

A. Data Collection and Preprocessing 

The dataset used in this study was obtained 
from the Meteorology, Climatology, and 
Geophysics Agency and covers earthquake events 
recorded throughout 2024. It includes detailed 
information for each event, such as the date and 
time of occurrence (GMT), geographic 
coordinates (latitude and longitude), focal depth, 
and magnitude. 

The first step in this research is to explore the 
data using descriptive statistical methods. This 
stage aims to understand the characteristics of 
earthquake data based on variables such as 
magnitude, depth, time, and earthquake location. 
The statistical results provide an initial overview, 
such as the mean, minimum, maximum, and 
standard deviation of each variable. This approach 
is in line with research using descriptive statistics 
as an initial step in modeling earthquake 
frequency in the Sumatera subduction zone [8]. 

Before modeling, several data preprocessing 
steps were obtained. First, the dataset was filtered 
by date to retain only events within the specified 
period, ensuring that the model focused on a 
consistent temporal context. Next, incomplete 
records or entries containing missing (null) values 
were removed to maintain the dataset’s reliability. 
The date and time columns were standardized to 
facilitate the derivation of new temporal 
attributes, specifically month and hour, which 
were considered potentially relevant in identifying 
earthquake patterns. 

Next, numerical features were normalized 
using Z-score standardization based on the 
following Equality (1): 

              Z  =  
ଡ଼ ି ஜ

஢
           (1) 

where X is the original value, μ is the average, 
and σ is the standard deviation of the feature. 

Finally, the dataset was labeled for 
classification as follows: 

Label = 1 if  Magnitude ≥ 5.0, 
 0 if Magnitude < 5.0 

This threshold follows commonly accepted 
standards for earthquake classification. 

B. Descriptive Statistical Analysis 

Descriptive statistical analysis was performed 
to summarize the key numerical features in the 
dataset, including depth, magnitude, latitude, 
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longitude, month, and hour. That step provides an 
overview of the distribution, tendency of the data 
center, and potential extreme values that can 
affect the performance of the classification model. 

Some  statistical measures calculated include 
average (mean) used to determine the middle 
value of each feature equality (2): 

𝑥̅ =
ଵ

௡
∑ 𝑥𝑖௡

௜ୀଵ          (2) 

where 𝑥̅ is the mean value of the feature, xi 
represents the i observation, and n is the total 
number of observations. 

The results of this analysis were calculated 
automatically using the built-in describe () 
function in the Pandas library and visualized 
tabularly to display the minimum, maximum, 
quartile, mean, and standard deviation of each 
numerical feature. In addition, this analysis helps 
in assessing the normality of the data distribution, 
identifying features that have high or low 
variation, and detecting initial statistical 
anomalies before further transformation. This step 
also underlies the decision to apply Z-score 
normalization so that the model can process data 
on a uniform scale and avoid the dominance of 
one feature over another. 

C. Pearson correlation analysis 

After performing the descriptive statistical 
analysis, the next step was to assess the linear 
relationship between numerical features, 
specifically to determine which features were 
most correlated with the hazard labels. For this 
purpose, the Pearson correlation method, which is 
commonly used in analyzing relationships 
between quantitative variables, was used.  

The results of this analysis are used as the basis 
for feature selection for machine learning 
modeling. Pearson correlation was also used in 
the study to select relevant features to improve the 
performance of earthquake classification models 
using random forest [9]. 

The Pearson correlation coefficient was 
calculated to evaluate the linear relationship 
between features and the target label. The 
correlation coefficient between variables X and 
Y is given equality (3): 

    𝑟௑௒ =
∑ (௫೔ି௫̅)(௬೔ି௬ത)೙

೔షభ

ට∑ (௫೔ି௫̅)మ೙
೔సభ ට∑ (௬೔ି௬ത)మ೙

೔సభ

    (3) 

where 𝑟௑௒ is Pearson correlation coefficient 
between variable X and Y,  𝑥𝑖, 𝑦𝑖 is the i value of 

variable X and Y, 𝑥̅, 𝑦ത is average of the variables 
Y and n is the amount of data. 

This analysis is performed to measure the 
strength and direction of the relationship between 
features, identify the most relevant features for 
classification, and avoid features that are 
redundant or uncorrelated with the target. 
Correlation calculations are performed using the 
Corr() function on pandas data frames, and the 
results are visualized in the form of heatmaps 
using the Seaborn library. The calculation results 
show that the magnitude feature has the highest 
correlation to the hazard label, with r equal to 
0.3605, followed by the depth and latitude 
features, which have relatively low correlation 
values. Time features such as month and hour 
show weak or even statistically insignificant 
relationships. This correlation visualization is 
used as the basis for feature selection at the 
modeling stage, so that only relevant and 
nonoverlapping features are included in the 
classification algorithm. 

D. Dataset Preparation for Modeling 

The random forest algorithm is used to build a 
binary classification model between dangerous 
and nondangerous earthquakes. Random Forest is 
a decision tree-based ensemble learning method 
that works by voting from many decision trees. It 
has the advantage of being able to handle 
unbalanced data and prevent overfitting [10]. 

After preprocessing and correlation analysis, 
the next step is to prepare the dataset for use in 
training the classification model. This stage 
includes feature selection, training and test data 
division, and feature scale normalization.  
1. Feature Selection 

Based on the results of the Pearson 
correlation analysis and consideration of the 
earthquake domain, the six most relevant 
numerical features for modeling were 
selected as cross (°), adventure (°), depth 
(KM), magnitude (M), month, and hour. 
These features reflect the spatial (location), 
seismic (magnitude and depth), and temporal 
(month and hour) characteristics of the 
earthquake event. 

2. Dataset Split 
The dataset is divided into two subsets: 

 Training: 70% of data. 
 Testing: 20% of data. 
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 Validation: 10% data. 
This division was stratified by label so that 

the proportion of earthquakes and 
nonearthquakes remained equal in both 
subsets.  

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐷𝑎𝑡𝑎 𝑆𝑖𝑧𝑒 = 0,7 × 𝑁,
𝑇𝑒𝑠𝑡𝑖𝑛𝑔 𝐷𝑎𝑡𝑎 𝑆𝑖𝑧𝑒 =
0,2 𝑁, 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐷𝑎𝑡𝑎 𝑆𝑖𝑧𝑒 = 0,1 × 𝑁   
 

 where N is the total number of samples in 
the dataset. The technical implementation 
utilizes the train_test_split function from the 
sklearn.model_selection module: 

𝑋௧𝑟𝑎𝑖𝑛, 𝑋௧𝑒𝑠𝑡, 𝑦௧𝑟𝑎𝑖𝑛, 𝑦௧𝑒𝑠𝑡 =
𝑡𝑟𝑎𝑖𝑛௧𝑒𝑠𝑡௦𝑝𝑙𝑖𝑡(𝑋, 𝑦, 𝑡𝑒𝑠𝑡௦𝑖𝑧𝑒 = 0.2, 𝑠𝑡𝑟𝑎𝑡𝑖𝑓𝑦 = 𝑦) 
  

3. Feature Normalization (Z-Score 
Standardization) 

Before the model is trained, the numerical 
features are first normalized to be on a 
uniform scale. It is important to avoid the 
dominance of features with large absolute 
values on the model learning process. 
Normalization is performed using the Z-score 
technique, using equality (4): 

𝑍 = 𝑋 − 𝜇𝜎𝑍 =
௑ିஜ

஢
𝑍 = 𝜎𝑋 − 𝜇   (4) 

with: 
𝑋 = original value of the feature 
𝜇 = average feature value 
σ = standard deviation of features 
 

This normalization is performed using 
Standard Scaler from the sklearn 
preprocessing library (import train test split). 
This step ensures that all features have a 
mean of zero and a standard deviation of one, 
so that the model is not biased toward any 
particular scale. 

E. Implementation of Ensemble  
Learning Models 

At this stage, the processed data are used to 
build a binary classification model using an 
ensemble learning approach. The three algorithms 
applied are Random Forest, XGBoost, and 
LightGBM, which were chosen for their proven 
ability to handle classification problems with 
complex and imbalanced data. 

Each model was trained using normalized 
training data, with default parameters as the 
baseline for initial evaluation. 

Random Forest is a bagging algorithm that 

forms a set of decision trees and combines the 
results through majority voting. This model is 
effective in reducing overfitting and has 
robustness to outliers. 

𝑓𝑟𝑜𝑚 𝑠𝑘𝑙𝑒𝑎𝑟𝑛. 𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 𝑖𝑚𝑝𝑜𝑟𝑡 𝑅𝑎𝑛𝑑𝑜𝑚 
𝐹𝑜𝑟𝑒𝑠𝑡𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟  
𝑚𝑜𝑑𝑒𝑙_𝑟𝑓 =  𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑜𝑟𝑒𝑠𝑡𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟()   
𝑚𝑜𝑑𝑒𝑙_𝑟𝑓. 𝑓𝑖𝑡(𝑋_𝑡𝑟𝑎𝑖𝑛_𝑠𝑐𝑎𝑙𝑒𝑑, 𝑦_𝑡𝑟𝑎𝑖𝑛      

 

XGBoost (Extreme Gradient Boosting) was 
used due to its ability to speed up training and 
improve accuracy through boosting. The model 
was trained using cleaned and normalized 
earthquake data, with 80% data split for training 
and 20% for testing.  

Parameters such as learning rate, max depth, 
and estimators were adjusted using grid search. 
The research successfully showed that XGBoost 
could produce magnitude classifications with a 
very small RMSE (0.01) and R² of 0.98 on test 
data [11]. 

LightGBM (Light Gradient Boosting Machine) 
is a histogram-based boosting algorithm designed 
for high efficiency. LightGBM uses a leaf-wise 
growth strategy, which allows for flexible tree 
depth and more accurate classification results. 
The LightGBM algorithm was used as a 
comparison with XGBoost and Random Forest. 
LightGBM has high efficiency in training and 
classification on large datasets. LightGBM was 
implemented for earthquake frequency analysis 
using data from the Sumatera subduction zone 
and showed strong classification performance 
through the comparison of four data sharing 
scenarios 80:20 to 95:5 as well as MAAPE and 
RMSE evaluation [12]. LightGBM is optimized 
for speed; it uses histogram-based learning and 
leaf-wise tree growth for greater efficiency. 
LightGBM characteristics tree growth based on 
maximum gain information at each leaf. Faster 
than XGBoost in the case of large and high-
dimensional data. All models were initially 
trained using default parameters as a performance 
baseline. 

F. Model Evaluation and Validation 

After the model training process, the next step 
is to perform evaluation and validation to measure 
the performance of each ensemble algorithm in 
classifying earthquakes. The evaluation was 
conducted using test data that were not used 
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during training to provide an objective picture of 
the generalization ability of the model. 

The performance evaluation is based on the 
classification results represented in the confusion 
matrix. The following are the classification matrix 
Equality (5)–(8) used: 
a. Accuracy 

Shows the proportion of correct classifications 
over all data: 

Accuracy =
்௉ା்ே

்௉ା்ேାி௉ାி
      (5) 

b. Precision 
Indicates how much of the earthquake class 
classification is actually correct: 

Precision =
்௉

்௉ା
         (6) 

 
c. Recall  

Measures the ability of the model to detect all 
earthquake events: 

Recall =
்௉

்௉ାிே
          (7) 

 
d. F1-Score 

The harmonic means of precision and recall: 

𝐹1 = 2 ∗
Precision*Recall

PrecisionାRecall
       (8) 

 
e. Mean Squared Error (MSE) 

Measure of numerical classification error 
equality (9): 

𝑀𝑆𝐸 = 1𝑛 ∑ 𝑖 = 1𝑛൫𝑦𝑖 − 𝑦௜൯    (9) 
 

f. K-fold and Temporal Validation 
Evaluation was conducted on the test set, 

which was not used during model training, to 
ensure objective validation. To address potential 
bias from a single train, test split, this study 
employs a more robust validation strategy using 
k-fold cross-validation (k=5). The dataset is 
partitioned into five subsets, with four folds used 
for training and one for testing in each iteration. 
Final performance is reported as the average 
across all folds. 

Additionally, due to the temporal aspect of 
earthquake data, a temporal validation scheme is 
employed. The dataset is organized 
chronologically, with earlier data used for training 
and later data for testing. This method ensures 
that the model is tested in a realistic forecasting 
context and minimizes the chance of information 
leakage from future data. Unlike conventional 

evaluations that use a single data partition, the 
model performance in this study was assessed 
using holdout validation and k-fold cross-
validation. The use of cross-validation helps 
ensure that reported performance is independent 
of a specific data partition and provides more 
stable estimates of model generalization. 

In k-fold cross-validation, the dataset 𝒟 is 
partitioned into 𝑘 equally sized subsets (folds): 

𝒟 = {𝒟ଵ, 𝒟ଶ, 𝒟ଷ, … , 𝒟௞}      (10) 
 

For each iteration 𝑖 = 1,2, … , 𝑘 one-fold 𝒟௜  is 
used as the validation set, whereas the remaining 
𝑘 − 1 folds are used for training: 

𝒟௧௥௔௜௡
(௜)

=
𝒟

𝒟೔
             (11) 

𝒟௧௘௦௧
(௜)

= 𝒟௜             (12) 
 
The model is trained and evaluated across all 

𝑘 iterations, producing performance scores 
ℳଵ, ℳଶ , ℳଷ, … , ℳ௞. The overall performance is 
then calculated as the average of all folds: 

ℳ௔௩௚ =
ଵ

௞
∑ ℳ௜

௞
௜ିଵ          (13) 

 
Given that earthquake data is inherently time-

dependent, a temporal validation strategy is 
applied to preserve chronological order and 
simulate real-world prediction scenarios. The 
dataset used is a series arranged chronologically: 

𝒟 = {(𝑥ଵ, 𝑦ଵ), (𝑥ଶ, 𝑦ଶ), … , (𝑥௡, 𝑦௡)} 
 
where 𝑥௜ represents the feature vector, 𝑦௜ the 

corresponding label, and 𝑡௜ the timestamp of the 
𝑖 − 𝑡ℎ observation. The dataset is then split into 
training, testing, and validation sets based on a 
temporal cutoff index mmm, such that 

𝒟௧௥௔௜௡ = {(𝑥ଵ, 𝑦ଵ), (𝑥ଶ, 𝑦ଶ), … , (𝑥௠, 𝑦௠)} 
 

𝒟௧௘௦௧ = {(𝑥௠ାଵ, 𝑦௠ାଵ), … , (𝑥௡, 𝑦௡)} 
 

where: 
𝓂 = [𝛼 × 𝑛], 0 < 𝛼 < 1 

 

and 𝛼 denotes the proportion of data used for 
training (𝛼 = 0.8). 

This temporal formulation ensures that the 
evaluation framework reflects real-world 
application conditions, where future earthquake 
events must be predicted using only past 
observations. 
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G. Visualization and Interpretation of Results 

Visualization of evaluation results is an 
important step in analyzing the performance of 
the applied classification model. The purpose of 
this visualization is to make it easier to 
understand the performance of each model, 
describe the accuracy and precision of the model 
in classifying earthquakes and non-earthquakes, 
and explain the influence of each feature on the 
classification process. 
1. Model Performance Comparison 

Evaluation metrics such as accuracy, 
precision, recall, and F1-score are compared 
in the form of bar graphs for the three models: 
Random Forest, XGBoost, and LightGBM. 
The visualization results show that Random 
Forest and LightGBM achieved a perfect F1 
score of 1.00 for both hazardous and non-
hazardous classes. XGBoost has a slightly 
lower performance in the dangerous class, 
especially on the precision metric, although 
recall remains high. This comparison 
reinforces that Random Forest and LightGBM 
are more stable and accurate in handling 
unbalanced datasets like this case 
(earthquakes are only about 2.3% of the total 
data). 

2. Comparison of Mean Squared Error (MSE) 
Visualization of Mean Squared Error 

(MSE) values shows that Random Forest and 
LightGBM recorded very low MSE, whereas 
XGBoost had a slightly higher MSE value, 
indicating a certain amount of class 
classification error. The low MSE values 
indicate that the classifications are very close 
to the actual labels, which is important in the 
context of risk classification. 

3. Correlation between Features 
Prior to model training, a Pearson 

correlation analysis between features was 
conducted. These results were visualized in 
the form of a heatmap, which shows the 
magnitude feature has the strongest 
correlation to the hazard label r = 0.3605. 
Other features, such as depth and latitude, 
have low correlations, negative correlations, 
and close to zero indicate that these features 
have less direct influence on the classification 
label. This finding provides a strong 

foundation for the feature selection process for 
machine learning models. 

4. Feature Importance Analysis 
Visualization of feature importance 

generated from Random Forest and 
LightGBM models shows that magnitude is 
the dominant feature in determining 
classification, followed by depth, latitude, and 
hour of occurrence. The moon feature has a 
relatively small contribution. This 
visualization confirms the importance of 
seismic factors (magnitude and depth) in 
distinguishing between hazardous and non-
hazardous earthquakes, which is also 
consistent with previous correlation results 
and literature. 

III.  RESULT AND DISCUSSION 

A. Model Performance Comparison 

This study applied three ensemble learning 
algorithms, namely, Random Forest, XGBoost, 
and LightGBM, to earthquake classification 
events into two categories: class 1 earthquake and 
class 0 non- earthquake. The dataset consisted of 
1570 earthquake records, with a highly 
imbalanced class distribution: 1534 records, 
97.7%, were labeled as non- earthquake and only 
36 records, 2.3%, as earthquake. The performance 
of the three models is summarized in Table I. 
 

TABLE I 
Confusion Matrix for Classification Model Evaluation 

Model Class Precision Recall F1-
Score 

Support 

Random 
Forest 

0 
1 

1.00 
1.00 

1.00 
1.00 

1.00 
1.00 

307 
7 

Accuracy    1.00 314 
XGBoost 0 

1 
1.00 
0.78 

0.99 
1.00 

1.00 
0.88 

307 
7 

Accuracy    0.994 314 
LightGBM 0 

1 
1.00 
1.00 

1.00 
1.00 

1.00 
1.00 

307 
7 

Accuracy    1.00 314 
 

The results are presented comprehensively to 
assess the relative merits of each model in dealing 
with complex earthquake data characteristics. The 
selection of these models is based on their ability 
to manage data with non-linear, unbalanced, and 
multidimensional properties. 
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Fig. 2.  Comparison of the Classification Matrix 

B.  Random Forest 

The Random Forest model produced a perfect 
accuracy of 100%, with precision, recall, and F1-
score values of 1.00 each for both classes 
(hazardous and non-hazardous). This shows that 
the model successfully predicted all earthquake 
events correctly, including all hazardous events, 
without any misclassification.  

This result is in line with the findings of [13], 
who reported a low RMSE value of 0.31758 when 
using Random Forest for earthquake magnitude 
classification. Moreover, Random Forest achieved 
high classification accuracy, ranging from 83.77% 
to 89.66% in earthquake classification in 
Indonesia, demonstrating its effectiveness in 
handling complex seismic data patterns [10].  

The study also confirmed that Random Forest 
is a method that consistently provides high 
accuracy in disaster classification [14]. This 
finding is consistent with the study which states 
that ensemble-based statistical models, such as 
Random Forest, are very effective for earthquake 
nowcasting applications in areas with high 
geological diversity, such as Sulawesi [15]. They 
emphasized that the complex statistical 
characteristics of earthquakes in the region are 
better handled by ensemble methods than 
traditional methods. 

C.  XGBoost 

XGBoost displays a total accuracy of 99.36%, 
but the precision for the dangerous class is only 
0.78, whereas the recall remains perfect at 1.00. 
This indicates some false positive classifications, 
i.e. events classified as dangerous when they were 
not. The F1 score also dropped to 0.88. This 
shows that although all earthquake events were 
successfully detected with recall = 1.00, the 

model also generated some false positives. This 
result is in line with the findings of [16], who 
observed that XGBoost provides near-optimal 
predictive performance MAE = 0.4932; RMSE = 
0.6471, but tends to be more sensitive to class 
imbalance in the dataset.  

Research also observed similar challenges, 
showing that XGBoost can perform well in 
earthquake classification, but its performance is 
more dependent on class distribution [17]. This 
result highlights the weakness of XGBoost in 
handling class imbalance, especially when the 
minority data is much less than the majority. 
XGBoost is known for its ability to adjust the 
weights of each feature and build the model 
incrementally, but without proper parameter 
adjustments, the model can exhibit classification 
imbalance. 

Models such as XGBoost can be very accurate, 
but require supporting techniques such as 
balancing and optimal parameter tuning to 
achieve maximum performance, especially in the 
classification of geophysical disasters, such as 
tsunamis and earthquakes [18]. In real disaster 
scenarios, model performance must be prioritized 
for recall so that no dangerous events escape 
detection, even if it has to sacrifice a little 
precision. 

D.  LightGBM 

The LightGBM model also produced perfect 
scores for precision, recall, F1-score, and 
accuracy 100%. This advantage of LightGBM can 
be attributed to its efficient model in handling 
large datasets and numerical features, such as 
earthquake magnitude and depth. LightGBM uses 
a histogram-based decision tree approach, which 
speeds up the training process and makes it more 
efficient than XGBoost on a large scale. 
LightGBM has the advantage of exploring 
complex relationships between geospatial and 
geophysical features, thus providing very precise 
classification results in the context of disaster 
classification. With the right parameter settings 
and selection of relevant features, LightGBM is 
an ideal candidate for use in natural disaster early 
detection systems [18].  

E.  Interpretation of the Results 

To determine the influence of each feature on 
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the classification results, a Pearson correlation 
analysis between variables in the dataset was 
conducted. The results were visualized in the form 

of a heatmap. The correlation coefficient values 
between numerical features are presented in Table 
II. 

 
TABLE II 

Pearson Correlation between Numerical Features 

 Latitude (°) Longitude (°) Depth (Km) 
Magnitude 

(M) 
Month Day Hour Label 

Latitude (°) 1.000.000 0.053245 -0.026014 0.141116 -0.0043 -0.0195 0.0389 0.0454 

Longitude (°) 0.053245 1.000.000 0.100978 0.163540 0.0364 0.0393 0.0176 0.0013 

Depth (Km) 0.026014 0.100978 1.000.000 0.183253 0.0427 0.0161 0.0128 0.0144 

Magnitude (M) 0.141116 0.163540 0.183253 1.000.000 0.0769 0.0706 0.0302 0.3605 

Month -0.0043 0.0364 0.0427 0.0769 10.000 -0.2075 0.0622 0.0102 

Day -0.0195 -0.0393 -0.0161 -0.0706 -0.2075 10.000 0.0037 -0.0443 

Hour 0.0389 -0.0176 -0.0128 -0.0302 0.0622 0.0037 10.000 -0.0489 

Label 0.0454 -0.0013 0.0144 0.3605 0.0102 -0.0443 -0.0489 10.000 

 

 
Fig. 3.  Heatmap of Pearson correlation between features and earthquakes 

 

Table II shows that: 
 Magnitude has the strongest correlation to the 

hazardous earthquake classification label, with 
a correlation value of r = 0.36. This suggests 
that the higher the magnitude, the more likely 
the earthquake is to be categorized as an 
earthquake. 

 Depth has a very low correlation r = 0.014, 
whereas latitude also shows a small 
contribution r = 0.045. 

 Temporal features such as hour, day, and 
month have correlations close to zero, 
suggesting that the timing of the event on a 
calendar scale is not a dominant factor in 
distinguishing earthquake hazard levels. 
This finding is reinforced by the research of 

who used singular spectrum analysis (SSA) to 
model earthquake frequency in the Sumatera 
subduction zone [19]. They found that magnitude 
is the main factor affecting the dynamics of 
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earthquake occurrence, and temporal factors do 
not show significant patterns in predicting 
frequency or hazard levels. In this context, the 
validation of correlations between features 
reinforces the importance of relevant feature 
selection in building accurate and efficient 
classification models. 

The correlation of seismicity levels in the 
Mentawai Islands showed that the frequency of 
large earthquakes is more influenced by 
magnitude and geographical location than by the 
time factor [20]. They used the Guttenberg-
Richter method to show that the potential seismic 
hazard can be estimated from the seismicity index 
and the "b" value of the magnitude distribution 
parameter. The results provide additional 
evidence that the magnitude feature is the most 
significant determinant in earthquake hazard 
modeling. 

In addition to the visualization of feature 
correlations, additional evaluations were 
conducted on model performance using accuracy 
and mean squared error (MSE) metrics. The 
results are displayed in Fig. 4, which shows that 
the Random Forest and LightGBM models 
achieved perfect performance with 100% 
accuracy and MSE = 0.0000, whereas the 
XGBoost model had a slightly lower accuracy of 
99.36%, with an MSE of 0.0064. 
 

 
Fig. 4. Comparison of the Performance Model in 

Earthquake Hazard Status Classification.  
 

The performance shows that while XGBoost 
remains highly accurate, it tends to produce slight 
misclassifications, especially on imbalanced data, 
as also indicated by the lower precision values in 
the previous evaluation. The average combined 
accuracy of the three models reached 99.79%, and 
the average MSE was 0.0021, indicating high 
stability and effectiveness in predicting hazardous 

earthquakes. 
Fig. 4 shows a comparison of the Mean 

Squared Error (MSE) values of the three 
ensemble models. Both Random Forest and 
LightGBM recorded very low MSE values, 
indicating that the classifications from both 
models are very close to the actual class labels. In 
contrast, the XGBoost model shows a higher 
MSE value, indicating a larger amount of 
classification error. 

This result supports the findings shown in 
Table III and Fig. 4, where XGBoost has a lower 
precision value of 0.78 for the hazardous 
earthquake class. This pattern reported that 
LightGBM achieved the lowest RMSE value of 
0.6284 [16], followed by Random Forest with an 
RMSE of 0.31758. The XGBoost with an RMSE 
of 0.6471. This finding confirms that LightGBM 
and Random Forest are more reliable in producing 
accurate and stable classifications, especially 
when used on earthquake datasets with high class 
imbalance. This shows that tree-based ensemble 
models such as CatBoost, LightGBM, and 
XGBoost work optimally if the features used are 
relevant and the risk of data leakage can be 
controlled [17]. 

This result reinforces the findings that 
emphasized the importance of a balance between 
accuracy and generalization ability in disaster 
classification models [18]. In the context of early 
warning systems, models such as Random Forest 
and LightGBM are proven to be accurate and 
stable in the face of unbalanced class 
distributions, as exemplified in the study for the 
context of earthquakes in Sulawesi [15].  

Therefore, in addition to considering feature 
correlations in Fig. 3, the accuracy and MSE 
comparisons in Fig. 4 provide an overall picture 
of the reliability of each model in real 
classification practice.  

F.  Challenges and Limitations 

Although the model performs very well, there 
are some important constraints that can affect the 
interpretation and generalization of the result. The 
number of earthquake data in the dataset is very 
small, only 7 out of 314, creating a significant 
class imbalance. This increases the risk of 
classification bias toward the majority class, 
where the model tends to classify more events as 
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non-hazardous. This imbalance can cause 
evaluation metrics, such as accuracy, to become 
unrepresentative; thus, it is necessary to apply 
balancing techniques, such as SMOTE, to 
overcome this problem, in the context of tsunami 
classification [18]. Models like XGBoost have a 
tendency to overfit the training data if not 
accompanied by proper cross-validation or 
pruning techniques. This can result in excellent 
performance on training data but poor 
performance on new data. In addition, since the 
dataset only covers a specific region and period, 
external testing is needed using data from other 
regions, such as the Sumatera or Sulawesi 
megathrust zones, that have different geological 
characteristics. Research shows that earthquake 
dynamics in Sulawesi, although different from 
Sumatera, still show consistency in earthquake 
statistical patterns, so the model needs to be tested 
across regions to test its predictive stability [15]. 
Some features available in the have very low 
relevance to classification. These features can add 
complexity without significantly contributing to 
the accuracy of the model. Therefore, it is 
important to perform statistical feature selection 
or use feature engineering methods to improve 
predictive relevance. Feature tuning is also 
important to avoid high dimensionality that can 
worsen model performance and trigger the "curse 
of dimensionality" phenomenon. Local geological 
conditions influence earthquakes, such as rock 
types, active fault systems, and the depth of 
subduction zones. Research discusses that while 
statistical data, such as magnitude and depth, play 
an important role, local spatial dynamics also 
influence the occurrence pattern [19]. The 
combination of more detailed spatial and temporal 
data allows the model to learn from the context of 
the area and not just from the numerical values of 
the features. Considering these challenges, the 
development of earthquake classification models 
should not only focus on basic performance 
metrics but also on the validation of 
generalizability across regions, class balancing, 
and selection of physically and geologically 
relevant features. A thorough evaluation of this 
approach would not only strengthen the reliability 
of the model but also support decision-making in 
disaster risk mitigation nationwide in Indonesia. 
Through a comprehensive and sustainable 

approach, this earthquake classification system is 
expected to be used as part of an adaptive and 
accurate natural disaster early warning system. 

While the models showed perfect accuracy on 
the hold-out test set, cross-validation offers a 
more reliable assessment. The average accuracy 
across different folds is a bit lower but more 
consistent, indicating that the initial perfect results 
might be affected by dataset peculiarities or 
sampling bias. This underscores the necessity of 
using robust validation methods in earthquake 
classification, particularly when working with 
imbalanced and small datasets. 

A limitation of this study is its dependence on a 
single training-test data split, which can result in 
overly optimistic performance estimates and 
restrict the model's ability to generalize. Although 
we added validation with k-fold cross-validation 
and temporal splitting, the small dataset size and 
class imbalance continue to challenge robust 
generalization. Future research should use larger, 
multi-year datasets and validate externally across 
various seismic regions. 

IV.  CONCLUSION 

This study compares the performance of three 
ensemble machine learning models: Random 
Forest, XGBoost, and LightGBM in classifying 
earthquake events in Indonesia into hazardous and 
non-hazardous categories. The results show that 
Random Forest and LightGBM achieve perfect 
accuracy of 100%, whereas XGBoost achieves 
99.4% accuracy but is slightly less accurate in 
identifying hazardous events. Pearson correlation 
analysis indicates that magnitude is the most 
influential factor in determining earthquake 
hazard, with r = 0.3605, confirming its central 
role in the classification process. In contrast, 
temporal variables such as hour and month show 
little or no significant contribution in 
distinguishing hazard levels, suggesting that time-
based features are less relevant in this context. 
Although Random Forest and LightGBM 
performed admirably, additional validation 
through cross-validation and temporal testing 
demonstrated that model performance may 
fluctuate under varying data distributions. 
Consequently, the proposed methodology exhibits 
significant potential; however, further validation 
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is required across larger and more diverse 
datasets. 
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