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Abstract
Class imbalance in the real-world datasets is a big challenge and the domains such as 

fraud detection, calamity occurrences, bankruptcy prediction etc. are prone to class imbalance 
due to the nature of occurrences of the events. In this paper, the detailed research using six 
ensemble machine learning techniques is applied to the undersampled, oversampled and 
the original dataset and the results are compared. The results of the research study indicates 
that amongst the applied six ensemble learners, the best learner is Random Forest algorithm 
(with entropy gain) implemented using ten-fold cross validation on the SMOTE oversampled 
dataset. 0.95 AUC and 0.8689 accuracy i.e. an increase of 4% in accuracy and substantial 
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increase in other performance indicators is observed as compared to the remaining five 
ensemble classifiers.

Subject Classification:  (2010) 86A15 (Seismology), 68T05 (Learning and Adaptive Systems), 
62H30 (Classification and Discrimination), 62H30 (Cluster Analysis), 68T10 (Pattern recognition).

Keywords: Ensemble learning, Data augmentation, Earthquake prediction, Cluster based undersam-
pling, SMOTE.

1.  Introduction

From the past one decade, the paramount increase in big data has 
called for efficient mechanisms to scan through the data and deduce 
patterns in the datasets. The accessibility of a gargantuan amount of data 
and the computational resources, along with the advanced techniques can 
foster more robust models for any use case. Given the abundance of 
datasets available across all domains, such as e-commerce, earthquakes, 
tsunamis, healthcare, finance, climate science, and social media, it is 
indeed crucial to extract patterns from them. A system based on clustering 
and classification, TPbEC2, is developed to classify tsunami alert as Alert 
and No Alert based on the dataset of activities of sea turtles using best 
ranked MFKmeansIC+ FH.GBML algorithm with an accuracy of 94.21 % [14]. 

One of the most significant steps in accurate classification of data is 
the selection of optimal hyperparameters. A research study based on Grid 
Search, Bayesian Optimization, and Random Search applied to numerous 
types of datasets using 5-fold cross-validation extracted optimal 
hyperparameters for the ensemble classifier namely decision tree using 
AdaBoost [29].

Datasets can vary widely in size and type including structured, semi-
structured, and unstructured data. Large datasets may come with a big 
challenge of class imbalance, wherein one class may have a large number 
of data samples called as the majority class and the other class has too few 
samples called as the minority class. Various domains such as disease 
diagnosis in healthcare, natural disasters such as tsunamis and 
earthquakes, weather monitoring, and anthropogenic effects such as 
violent conflicts and financial fraud, email filtering and many more 
applications face the challenge of class imbalance in the datasets due to 
the nature of the occurrences of the events. For example, for a binary class 
dataset with imbalanced class ratio, one class may have more than 90% 
(approx.). of the dataset samples and the other class has just 10% (approx.). 
Imbalance in dataset leads to problems in preparing the Machine Learning 
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(ML) classifiers for the existing real-world applications. Kumar et al., [18] 
lists the different challenges faced due to imbalanced class distribution 
and the various machine learning algorithms used to evade the effects of 
class imbalance. In order to train an effective learner, it is essential to have 
a balanced class distribution otherwise the models may be overwhelmed 
by one class and may ignore the remaining class(es) especially in multiclass 
datasets. Earthquake prediction, which is based on the past history of 
occurrences of earthquakes majorly suffers from the consequences of class 
imbalance. There are several hundred shallow and low magnitude 
earthquakes occur in a year and the high magnitude deep earthquakes 
appear in rarity. This infrequency of higher magnitude earthquakes over 
lower magnitude earthquakes creates imbalances in the dataset. In order 
to overcome such challenges, several data augmentation techniques to 
oversample datasets are available such as Random Oversampling, 
Synthetic Minority Oversampling Technique (SMOTE), Adaptive Synthetic 
Sampling (ADASYN) etc. These techniques generate more samples 
synthetically for the minority classes to overcome the disparity in the 
number of datapoints. Sometimes, it becomes very difficult to handle the 
large amount of dataset due to limited availability of the computing 
resources available. Therefore, to overcome this limitation undersampling 
techniques such as Random Undersampling, Clustering based 
undersampling etc. may be pursued to reduce the sample set of the 
majority class and bring it equivalent to the minority class. Random 
Undersampling randomly deletes the samples from the majority class 
whereas Clustering based undersampling technique replaces the data 
samples with their cluster centroids [25]. The number of clusters are 
dependent on the number of data samples of the minority class. 

The oversampling and undersampling techniques are performed to 
bring the balance in the skewed distribution. In this research paper, the 
experimental study is performed to predict the class from a multiclass 
distribution. The paper presents the implementation of six ensemble 
learning techniques using tenfold cross validation. The format of the 
paper includes Section-II to present the details of the dataset used,  
Section-III gives the related work in this domain, Section-IV lists the details 
of the evaluation metrics, Section-V provides the details of the methodology 
used, Section VI illustrates the detailed results, Section VII gives conclusion 
of the study and Section VIII gives list of references pursued for the study.
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2.  Dataset and Preprocessing

This section provides details of the real – world dataset used and the 
steps of pre-processing applied to the dataset in order to prepare it for the 
research study.

2.1 Research Dataset 

In this paper the research is done on high-quality, large-scale STanford 
EArthquake Dataset (STEAD) - A Global Data Set of Seismic Signals for AI 
recorded by seismic instruments. The database consists of shallow crustal 
earthquakes that are recorded at the active tectonic regions of the world. It 
also comprises of deep earthquakes of hundreds of kilometres of depth. 
The original data set contains 32 attributes, 1.2 million samples, 19K hours 
recordings at “local” distances within 350 km of earthquakes by 2613 
receivers, 450K earthquakes that happened from January 1984 till August 
2018 in the United States and Europe [23]. The dataset is available in the 
waveform (.hdf5 format) occupying 91GB disk space and attribute data in 
.csv file format of 3.5 GB size at kaggle.com [26]. 

2.2 Pre-processing 

The details of the STEAD dataset used are as shown in Table 1. The 
dataset contains 1.05 million earthquake samples ranging from shallow to 
deep and devastating earthquakes. Pre-processing of the dataset includes 
handling Null values, NaN values, removing redundant attributes and 
label encoding the target to distinguish 1 to 7 classes in the dataset. After 
pre-processing, a total of 8,28,094 earthquakes and 13 attributes are 
considered for the study. The attributes set comprising of time of the 
occurrence of the earthquakes, location i.e. latitude and longitude of the 
earthquake, attributes related to p-wave and s-waves, earthquake depth in 
kilometres, distance from the source in kilometres, azimuth degrees, coda 
end sample number and earthquake category. The highly imbalanced 
dataset is oversampled using SMOTE which produces 3.07 million 
earthquake instances approximately. The undersampling is applied using 
two methods namely random undersampling technique and clustering 
based technique. The random undersampling removes samples randomly 
from the majority class to reduce the class imbalance whereas clustering 
based undersampling generates 245 clusters with equal samples of 
majority and minority classes.
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The research study in this paper involves analysing and comparing 
the results of the six ensemble learning techniques on the original dataset, 
oversampled dataset and undersampled dataset. 

3.  Related Work

Artificial Intelligence aims to replicate the human cognition capability 
to provide computational solutions to address the problems across 
different domains that were previously solved using the conventional 
statistical approaches. Machine Learning (ML) has the capability to train 
the machine without the explicit programming. Machine Learning (ML) 
can infer co-relation between the features of the dataset without prior 
knowledge about it.

ML enhanced earthquake prediction has evolved over time in 
analysing the real-time seismic data. The scope of earthquake data analysis 
includes finding the epicentral location of the fault, time prediction of 
future earthquakes, ground-motion prediction, classification into the type 
of earthquake category etc. This is required for the management of 
emergency hazard response spectra and post disaster activities. Due to the 
complexity of the earthquake events, it has always been challenging for 
the seismological experts to study all the aspects of the problem using 
their expertise and logic. Also, the uneven occurrences of earthquake 
events generate highly imbalanced dataset that makes the analysis all the 
more challenging. Therefore, more robust modelling is required for the 

Table 1
Preprocessing applied on the dataset used for the prediction

Description Quantity of Data Samples
Original Dataset (earthquake + noise) 1.2 million instances
Only earthquake dataset 10,50,000 instances
Total attributes in the original dataset 32
After applying preprocessing on the dataset:
a)	� Handling Null and Nan values
b)	� Removing redundant attributes
c)	� Label encoding seven classes

8,28,094 instances and 13 
attributes

Oversampled dataset size after applying 
SMOTE

30,65,251 instances and 13 
attributes

Randomly Undersampled dataset / 
Clustering based undersampled dataset size

245 clusters
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accurate prediction and analyses. Jain, Bajpai, and Pamula [16]  used a 
modified DBSCAN for the anomaly detection in the time-series dataset 
using seasonality to find both local and global anomaly from the dataset. 
Cluster based undersampling approach on the imbalanced class 
distribution is used for improving the classification accuracy [25]. Class 
imbalance is the result of skewed distribution of data points in a dataset. 
Guo et al., [33] suggested four different levels to deal with the challenge of 
class imbalance i.e. changing class distributions by undersampling, 
oversampling and advanced sampling; features selection at the features 
level; manipulating classifiers at the classifiers level and ensemble learning 
for the final classification. Clustering based undersampling approach is 
applied in the study to identify the risk factors and predict future infections 
of the 4616 ICU patients. This type of undersampling helped build reliable 
classifiers to enhance accurate decision making as mentioned in [5]. The 
different versions of SMOTE enhanced the precision of the minority class. 
A few types include upsampling the minority class within the limits of the 
majority class whereas some are based on the usage of noise filters after 
applying SMOTE as mentioned in [27]. The extension of SMOTE that is 
based on the ensemble-based noise filter called SMOTE Iterative‐
Partitioning Filter (IPF) resampling method overcomes the challenges 
produced by noisy and borderline samples in the dataset [6]. Zhang and 
Mani [10] has used a case study on Near Miss undersampling method that 
deletes samples based on the distance to the other samples existing of the 
same class. The data samples of the majority class are segregated into 
clusters that are built on different training subsets. Each subset is created 
for all the minority class samples. The final output is derived by the 
aggregation of the results predicted from each subset. Kang, Cho and 
MacLachlan [17] observed improved modelling by experimenting with 
clustering undersampling applied on ensemble machine learning.

Banking frauds or bankruptcy prediction is an example of class 
imbalance problem due to the nature of occurrence of events. Incorrect 
prediction may lead to classifying the bankruptcy case into the 
nonbankruptcy class that is far more damaging than the average rate of 
classification accuracy. Therefore, effective classifiers need balanced 
datasets to produce accurate results. Taehoon and Hyunchul [11] used a 
hybrid approach for under-sampling comprising of a blend of the k-Reverse 
Nearest Neighbour (k-RNN) and One-Class Support Vector Machine 
(OCSVM) method for accurately classifying a data sample. Johnson and 
Khoshgoftaar [9] reviewed the experimental studies on applying deep 
learning in the presence of class imbalance. ContrastMiner [31] generates 
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a contrast vector basis the historical behaviour sequence of the consumer 
to distinguish fraudulent transactions from the genuine ones. The intrusion 
detection system suffers from highly imbalanced class datasets. RIPPER 
[2] works on balancing class distribution by using undersampling and 
oversampling techniques along with machine learning. Bauder, 
Khoshgoftaar, and Hasanin [22] worked on the effect of minority class 
classification in the field of fraud detection using the real-world Big Data 
using deep learning and thresholding [8]. A novel framework to handle 
highly imbalanced multiclass dataset is proposed in Hamid, Yusoff and 
Mohamed [13]. Bauder and Khoshgoftaar [21] considered multiclass 
distribution and analysed the fraud using various machine learning 
algorithms on the imbalanced dataset. A research study used fraud 
classification using ensemble learning and evaluated multiple metrics of 
various algorithms [7]. Research study for building an effective approach 
to handle problems raised by class imbalance is done for a rare 
cardiovascular disease using ensemble learning as mentioned in Liu, Wu 
and Li [12]. A novel heterogeneous ensemble method is proposed using 
K-nearest neighbour, Random Forest and Support Vector machine for the 
diagnosis of cardio vascular disease with reduced feature subset [1]. A 
novel approach for combating the imbalanced data distribution problem 
is proposed by applying bagging and boosting techniques [15]. Salunkhe 
and Mali [28] worked on the advantages of both data level and classifier 
ensemble approach in order to increase the classification efficacy. Shi and 
Zhang [19] proposed an ensemble tree classifier for classifying highly 
imbalanced dataset. A novel ensemble classification method designed to 
deal with imbalanced data by training each tree in the ensemble using 
synthetically generated balanced data [4]. Wang et al., [24] used linear 
interpolation based on the normal distribution of the dataset in order to 
generate more samples near the center of minority class and to avoid 
marginalization. Yang, Pan and Zhang [32] proposed SD-KMSMOTE to 
generate more samples of the minority class based on its spatial 
distribution. A mix of supervised machine learning and ensemble learning 
techniques were applied on the SEER dataset to generate classifier models 
using k-fold cross validation [3]. Rupapara et al., [30] used a blend of 
ADASYN and Chi-squared feature selection method in order to combat 
the challenges of class imbalance and high dimensionality of datasets. In 
order to increase the classification accuracy, the data imbalance ratio is 
increased by creating minority samples artificially [34]. Kulkarni, Revathy, 
and Patil [20] combines four boosting algorithms to generate variations of 
AdaC2 and CSB2.
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4.  Evaluation Metrics

To evaluate the performance or quality of the created Machine 
Learning model, various metrics such as accuracy, precision, recall, F1 
score, Jaccard Score and Negative Log Loss are compared. These metrics, 
also known as performance metrics or evaluation metrics, helps to 
understand how well the model has performed on the given dataset. 
Therefore, the performance of the model can be increased by fine-tuning 
the hyper-parameters so that it can generalize well on the new or the 
unseen data.

4.1  Accuracy

The accuracy metric is determined as the number of correct predictions 
i.e. True Positive (TP) and True Negative (TN) to the total number of 
predictions i.e. sum of all True Positives (TP), True Negatives (TN), False 
Positives (FP) and False Negatives (FN) as given in (1).

 (  ) / ( ) (1)Accuracy TP TN TP FN FP TN= + + + +

4.2  Precision 

The precision determines the number of correct positive prediction. It 
can be calculated as the TP to the total positive predictions as shown below 
in (2).

Precision  / (   ) (2)TP TP FP= +

4.3  Recall or Sensitivity

Recall or Sensitivity aims to find the ratio of actual positive that was 
identified incorrectly as shown below in (3).

Re /(   ) (3)call TP TP FN= +

4.4  F1 Score

F1 Score can be calculated as the harmonic mean of Precision and 
Recall, assigning equal weight to each of them as shown in (4)

1 2 (4)precision recall
precision recallF score ∗

+
− = ∗
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4.5  Area Under Curve

Area Under Curve (AUC) evaluates the performance and gives an 
aggregate measure between 0 and 1. Therefore, an AUC equals to 0.0 
prediction whereas an AUC with 100% correct predictions will have value 
equal to 1.0.

4.6  Jaccard Similarity

Jaccard similarity is denoted as the ratio of the number of correctly 
predicted values to number of wrongly remaining values of predicted and 
real as shown in (5). Higher value of the Jaccard index score denotes higher 
accuracy of the classifier.

( )/(     ) (5)Jaccard TP TP FP FN= + +

4.7  Logloss

LoggLoss is used to denote the output of the classifier as the 
probability of the class predicted as shown in (6).

1 1

1logloss  log( ) (6)
N M

ij ij
i jN y P
= =

= − ∑ ∑

N = No. of rows in the test dataset 
M = No. of fault delivery classes
Yij = 1 if the observation belong to class j, else 0
Pij = Probability predicted that observation belong to class j.

5.  Methodology

The present study is based upon the comparative results of six 
ensemble learning classifiers on the original, oversampled and 
undersampled dataset in python 3.x programming language. The 
ensemble classifiers used are Random Forest Classifier using ‘entropy’, 
Random Forest Classifier using ‘gini’, Random Forest Classifier using 
‘log_loss’, Histogram based Gradient Boosting Classifier 
(HistGradientBoost), Extreme Gradient Boosting Classifier (XGBoost) and 
Voting Classifier. Figure 1 below illustrates the methodology in the simple 
form.
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Figure 1
Block Diagram of the Methodology 

After the acquisition of the gargantuan dataset, the first step is data 
pre-processing which includes data cleaning, handling Null and Nan 
values, removing redundant attributes and label encode the target. Next 
step includes the implementation of the ensemble learning classifiers 
namely Random Forest Classifier using ‘entropy’, Random Forest Classifier 
using ‘gini’, Random Forest Classifier using ‘log_loss’, Histogram based 
Gradient Boosting Classifier (HistGradientBoost), Extreme Gradient 
Boosting Classifier (XGBoost) and Voting Classifier. The performance 
metrics of all the ensemble classifiers for the multiclass dataset are 
compared. The models are trained, tested and validated using ten-fold 
cross validation methodology. As a result, 30 models are generated for 
each classifier and the value of the each of the metrics such as accuracy, 
precision, recall, f1 score, jaccard score, area under curve and negative 



PREDICTIVE MODELLING ON IMBALANCED DATA� 2151

log_loss is obtained by averaging their values. The best classifier is the one 
that provides highest accuracy and higher values of the performance 
metrics. The voting classifier compares multiple models that are trained, 
tested and validated together on the same folds of the data. The decision 
is based on soft voting where all the results are averaged to classify a data 
sample to one of the multiple classes.

STEAD dataset is highly imbalanced due to the nature of occurrence 
of earthquake events. Figure 2 illustrates the rarity of the occurrence of the 
higher magnitude earthquakes leading to imbalanced class distribution. 
The dataset is divided into multiple classes based on their magnitude and 
hence, this enlarges the problem statement to predicting the class of an 
earthquake in a multiclass environment.

The plot between the depth and magnitude category in the original 
dataset is as shown in Figure 3.

Since it is evident from Figure 2 that the dataset is highly imbalanced, it 
becomes extremely difficult to build an effective machine learning model 
for the earthquake prediction. Therefore, the following techniques are 
implemented in the research study to handle the class imbalance:
•	� Oversampling the dataset using Synthetic Minority Oversampling 

Technique (SMOTE)
•	 Undersampling the dataset by randomly removing the instances
•	 Undersampling based on Clustering

Figure 2
Class distribution of the original 

dataset

Figure 3
Plot between depth and earthquake 

category
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Oversampling using Synthetic Minority Oversampling Technique 
(SMOTE), is used to oversample all classes except majority class. The data 
samples are generated synthetically along the line segments joining the k 
minority class nearest neighbors. The result is as shown in the Figure 4 
below:

Figure 4
 Oversampled Dataset

The clustering based undersampled dataset is as shown below in 
Figure 5:

Figure 5
Undersampled Dataset based on Clustering

6.  Results

The following section shows results of the comparative study 
conducted by implementing six ensemble learning techniques on STEAD 
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dataset. The experimental study is performed using tenfold cross 
validation generating 30 models in each of the six classifiers. The result 
metrics are then averaged and compared. Figure 6 below shows the 
comparison of the performance indicators when Random Forest with 
entropy gain, with 100 estimators is applied on the dataset. The results of 
this classifier are compared when applied on the original dataset, 
oversampled dataset and undersampled dataset. The six performance 
indicators of the classifier used for comparison include accuracy, precision, 
recall, F1 score, Jaccard score and AUC-ROC. 

Table 2 shows the values of fine-tuned hyper-parameters such as 
number of estimators, value of k-fold, number of repeats, criterion applied 
and maximum features function. The scores of performance indicators 
when Random Forest (with ‘entropy’ criterion) is applied on the original, 
oversampled and undersampled dataset is as shown in Table 2.

Table 2
Random Forest (with entropy criterion), its parameters and values of the 

classifiers

Classifier Parameters Accuracy Preci-
sion Recall F1_

Score
Jaccard 
Score

AUC_
ROC

Original 
Dataset

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, criterion 
= ’entropy’, 
max_features = 
’sqrt’

0.83 0.841 0.636 0.700 0.5674 0.941

Figure 6
Random Forest, Criterion = Entropy

Contd...
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SMOTE 
Dataset 

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, criterion 
= ’entropy’, 
max_features = 
’sqrt’

0.87 0.884 0.650 0.74915 0.69 0.95

Random 
Unders-
ampler

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, criterion 
= ’entropy’, 
max_features = 
’sqrt’

0.448 0.4587 0.45 0.4279 0.307 0.8196

Cluster-
ing based 
Unders-
ampling

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, criterion 
= ’entropy’, 
max_features = 
’sqrt’

0.6444 0.6723 0.6516 0.6337 0.5117 0.9155

Figure 7 illustrates the details of the comparative results obtained 
after applying Random Forest (with ‘Gini’ criterion) and number of 
estimators are 100 to generate trees.

Figure 7
Random Forest, Criterion = Gini



PREDICTIVE MODELLING ON IMBALANCED DATA� 2155

Table 3
Random Forest (with gini criterion), its parameters and values of the classifiers

Classifier Parameters Accuracy Precision Recall F1_
Score

Jaccard 
Score

AUC - 
ROC_
OVR

Original 
Dataset

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, crite-
rion = ’gini’, 
max_features 
= ’sqrt’

0.8044 0.7324 0.5161 0.5601 0.4405 0.9296

SMOTE 
Dataset 

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, crite-
rion = ’gini’, 
max_features 
= ’sqrt’

0.8244 0.724 0.53 0.61199 0.4405 0.9296

Random 
Unders-
ampler

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, crite-
rion = ’gini’, 
max_features 
= ’sqrt’

0.4446 0.4434 0.4476 0.4186 0.296 0.82

Cluster-
ing based 
Unders-
ampling

n_estimators 
= 100, n_splits 
(K Fold) = 
10, n_repeats 
= 3, crite-
rion = ’gini’, 
max_features 
= ’sqrt’

0.6674 0.6842 0.6734 0.6542 0.5359 0.9216

The scores of performance indicators when Random Forest, criterion 
= ‘gini’ is applied on the original, oversampled and undersampled dataset 
is as shown in Table 3.
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The comparison of results of the metrics when Random Forest (with 
‘log_loss criterion) is applied on the original, undersampled and 
oversampled dataset is as shown below in Figure 8.

Figure 8
Random Forest, Criterion = log_loss

Table 4 indicates the scores of performance indicators when Random 
Forest, criterion = ‘log_loss’ is applied on the original, oversampled and 
undersampled dataset.

Table 4
Random Forest (with log_loss criterion), its parameters and values of the 

classifiers

Classi-
fier Parameters Accu-

racy
Preci-
sion Recall F1_Score Jaccard 

Score

AUC 
- ROC_
OVR

Origi-
nal 
Dataset

n_estimators=100, 
n_splits(K 
Fold)=10, 
n_repeats = 3, 
criterion=’log_
loss’, max_
features=’sqrt’

0.8003 0.701 0.49 0.5768094 0.4405 0.92

SMOTE 
Dataset 

n_estimators=100, 
n_splits(K 
Fold)=10, 
n_repeats = 3, 
criterion=’log_
loss’, max_
features=’sqrt’

0.8206 0.701 0.52 0.59708436 0.4103 0.92

Contd...
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Ran-
dom 
Under-
sam-
pler

n_estimators=100, 
n_splits(K 
Fold)=10, 
n_repeats = 3, 
criterion=’log_
loss’, max_
features=’sqrt’

0.4404 0.4349 0.4417 0.412 0.293 0.8166

Clus-
tering 
based 
Under-
sam-
pling

n_estimators=100, 
n_splits(K 
Fold)=10, 
n_repeats = 3, 
criterion=’log_
loss’, max_
features=’sqrt’

0.6579 0.679 0.6643 0.6459 0.5262 0.921

The comparison of working of Histogram Gradient Boosting classifier 
on the original, undersampled and oversampled dataset is as shown below 
in Figure 9.

Figure 9
Histgradient Boost Classifier

Table 5
HistGradientBoost and its parameters and values of the classifiers

Classifier Parameters Accu-
racy

Preci-
sion Recall F1_

Score

Jac-
card 
Score

AUC 
- ROC_
OVR

Original 
Dataset

n_estimators=100, 
n_splits(K Fold)=10, 
n_repeats = 3, 
criterion=’entropy’, 
max_features=’sqrt’

0.7246 0.567 0.59 0.57827 0.33 0.89

Contd...
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SMOTE 
Dataset 

n_estimators=100, 
n_splits(K Fold)=10, 
n_repeats = 3, 
criterion=’entropy’, 
max_features=’sqrt’

0.7633 0.62 0.61 0.61496 0.33 0.901

Random 
Unders-
ampler

n_estimators=100, 
n_splits(K Fold)=10, 
n_repeats = 3, 
criterion=’entropy’, 
max_features=’sqrt’

0.4771 0.4883 0.475 0.4607 0.338 0.8348

Cluster-
ing based 
Unders-
ampling

n_estimators=100, 
n_splits(K Fold)=10, 
n_repeats = 3, 
criterion=’entropy’, 
max_features=’sqrt’

0.67 0.6931 0.6774 0.6581 0.5368 0.9174

The results obtained by applying Histogram Gradient Boost Classifier 
along with the parameters are as shown below in Table 5.

The work done using XG Boost classifier is as shown below in Figure 
10 and its parameters details are as shown in Table 6.

Table 6
Results from XGBoost Classifier

Classi-
fier Parameters Accu-

racy
Preci-
sion Recall F1_

Score

Jac-
card 
Score

AUC 
- ROC_
OVR

Origi-
nal 
Dataset

n_estimators = 100, 
n_splits (K Fold) = 10, 
n_repeats = 3, criterion 
= ’entropy’, max_fea-
tures = ’sqrt’

0.7546 0.671 0.671 0.4371 0.3335 0.8994

SMOTE 
Dataset 

n_estimators = 100, 
n_splits(K Fold) = 10, 
n_repeats = 3, criterion 
= ’entropy’, max_fea-
tures = ’sqrt’

0.7546 0.671 0.671 0.4371 0.3335 0.8994

Ran-
dom 
Under-
sam-
pler

n_estimators = 100, 
n_splits(K Fold) = 10, 
n_repeats = 3, criterion 
= ’entropy’, max_fea-
tures = ’sqrt’

0.4852 0.4963 0.4837 0.4677 0.3382 0.835

Contd...
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Clus-
tering 
based 
Under-
sam-
pling

n_estimators = 100, 
n_splits(K Fold) = 10, 
n_repeats = 3, criterion 
= ’entropy’, max_fea-
tures = ’sqrt’

0.68679 0.7256 0.6929 0.6805 0.5608 0.9081

Figure 10
XGBoost Classifier

The mixed classifier model using Voting Classifier is made using 
Random Forest with entropy criterion, XGBoost and HistgradientBoost 
classifiers. Soft Voting is used and the results are averaged as shown below 
in Figure 11:

Figure 11
Voting Classifier
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7.  Conclusion

The class imbalance is the most common challenge in the world of 
growing data. In order to effectively train a learner, it is essential to have a 
balanced class distribution otherwise the models may be overwhelmed by 
one class and may ignore the remaining class(es) especially in multiclass 
datasets. The most related research studies have focused on applying 
either random undersampling or oversampling techniques using the 
typical train-test split methodology to train the model that produces only 
one model per classifier. The results obtained in such scenario is based on 
the split criterion. In this paper, the experimental study is conducted using 
one oversampling technique called SMOTE and two undersampling 
techniques namely random undersampling and clustering based 
undersampling. The comparative study is conducted based on the six 
ensemble learning techniques applied on the ten-fold cross validation 
with three repeats in each and hence generating 30 models in each 
classifier. The models are created using ten-fold cross validation for 
highest accuracy. The result metrics obtained from 30 models are averaged. 
The implementation of six ensemble learners is done on the original 
dataset, oversampled dataset and undersampled datasets generated. The 
first experimental study is done on the original dataset with the imbalanced 
class distribution. The various ensemble learning methodologies are 
applied on the original dataset include Random Forest Classifier using 
‘entropy’, ‘gini’ and ‘log_loss’ criteria, HistGradientBoost Classifer, 
XGBoost Classifier and Voting Classifier. The second study used 
oversampled dataset and produced more than 3 million earthquake data 
samples synthetically by using Synthetic Minority Oversampling 
Technique (SMOTE). The same set of ensemble classifiers are then 
implemented on the oversampled dataset and the performance metrics 
are compared. Similarly, the third experimental study applied the 
ensemble classifiers on the undersampled datasets. Random 
undersampling and Cluster based undersampling were applied. As it can 
be seen from the results section, the best ensemble classifier has turned 
out to be Random Forest with entropy criterion formed using 100 
estimators on the oversampled dataset of more than 3 million data samples 
as compared to the remaining 5 classifiers on the original, oversampled 
and undersampled datasets. It was observed that when Random Forest 
classifier with entropy gain and 100 estimators is applied using ten-fold 
cross validation on the multiclass SMOTE Oversampled dataset, a 4% 
increase in accuracy and substantial increase in other performance 
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indicators is observed as compared to other classifiers. This study will 
prove to be useful for the learners who want to pursue their research work 
in the domain of data augmentation.
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