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Abstract 

Classification problems may sometimes get into trouble when 
one class outnumbers the other one. This situation is termed as 
class imbalance problem and unfortunately it is often found 
with real life problems where the decision is crucial in the 
identification of rare class. This causes big challenges for 
machine learning algorithms as they assume that dataset has 
balanced class distributions. Several techniques have been 
suggested to tackle with class imbalance problem and 
rebalancing of data sets is the one among them. This paper 
conducts an experimental study on the performance of 
different classifiers after balancing their data using different 
sampling techniques like SMOTE, ROS, ADASYN, RUS, 
CUS and NearMiss. 

Keywords: classification, resampling, SMOTE, ROS, 
ADASYN, RUS, CUS, NearMiss. 

 

I.  INTRODUCTION  

In data mining, identification of an event is a classification 
problem. The prediction on rare events is often difficult due to 
their infrequency and low variety of information. Many real 
life problems face this problem, so that misclassification of 
rare class can incur a heavy penalty [1]. As an example, 
misclassification of a negative sample in a cancer prediction 
event may lead to additional laboratory tests while the inability 
to identify a positive sample makes a huge loss. These sorts of 
occurrences force to find solutions for class imbalance 
problem. Formally, imbalanced classification is a supervised 
learning problem in which number of samples in given classes 
is highly uneven as shown in Fig. 1.  
 
With imbalanced data sets, an algorithm does not get the 
relevant information about the rare class to make an 
accurate prediction. Hence, it is desirable to use machine 
learning algorithms with balanced data sets. Many machine 
learning approaches have been developed in the past decade to 
work with imbalanced data classification. These approaches 
can be categorized into two groups: internal and external. The 
internal/algorithm level approaches deal with the design of 
new algorithms or the modification of existing ones so as to 
handle imbalanced datasets [2,3]. The external/data level 
approaches use pre-processing techniques at the data level that 
reform the dataset to a balanced set [4,5]. Cost sensitive 
learning solutions are developed further with the combination 
of internal and external level approaches which imposes higher 

misclassification charges for the samples in the rare class and 
try to minimize the high cost errors [6,7]. Ensemble methods 
are also proposed to handle imbalance problem by modifying 
the ensemble learning algorithm at the data level approach [8] 
or by embedding cost-sensitive framework in the learning 
process [9,10]. 

 
Fig 1: Distribution of Class 1 and Class 0 (ratio 1:6) in 

Thoracic cancer dataset 
 
In recent years, the imbalanced learning problem has received 
much attention from machine learning community. In this 
paper we aim to provide the use of resampling techniques to 
alleviate the problem caused by imbalanced class distributions. 
The performance of classifiers on imbalanced datasets before 
and after sampling has been illustrated in detailed manner. The 
contents of this paper are organized as follows. Section 2 gives 
a brief note about the datasets. Section 3 describes the basic 
types of sampling techniques and the six resampling strategies 
that are adopted for this study.   Section 4 presents the four 
classifiers which are used for classification, followed by 
section 5 with the discussion of evaluation measures used for 
imbalanced data classification. In section 6, details of the 
methodology and results of the study are presented and finally, 
section 7 presents the conclusion of the paper. 
 

II. DATASET DESCRIPTION 

In this paper, the experiment has been done on four 
imbalanced datasets obtained from UCI and Kaggle. The 
characteristics of these data sets are given in Table1.   
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Table 1: Dataset description 
Dataset # Samples # Attributes # Minority 

class 

samples 

# Majority 

class 

samples 

Imbalance 

Ratio 

Thoracic 470 17 70 400 5.71 
Abalone 4177 9 1342 2835 2.11 
Diabetes 768 9 286 500 1.75 
Hepatitis 142 20 26 116 4.46 

 
 
Thoracic cancer data provides the details of survival of cancer 
patients after surgery. It has 17 attributes including the class 
variable ‘Risk1y’. The class value ‘1’ indicates the death of 
patients within one year after surgery. There are 70 instances 
of class1, referred to as minority class and 400 majority class 
samples. Hence their imbalance ratio is 5.71. The second 
dataset ‘Abalone’ provides the classification of infant abalone 
(class va1ue 1) and matured abalones (class value 0). It has a 
total of 4177 samples among which the minority count is 1342 
and majority count is 2835, finds an imbalance ratio of 2.11. 
Diabetes data contains the cases of 286 diabetes patients and 
500 non-diabetes people. Its imbalance ratio is 1.75. The 
Hepatitis data has a total of 142 samples with 26 minority 
class samples and 116 majority class samples. The imbalance 
ratio of this dataset is 4.46. All datasets except Diabetes were 
subjected to pre-processing to convert all string valued 
attributes to numerical values prior to apply sampling 
techniques. Fig. 2 shows a data representation of samples of 
Thoracic cancer set. 
 

 
Fig 2: Original data distribution of training set of Thoracic    

cancer set 
 

III. RESAMPLING TECHNIQUES 

Sampling technique is a useful pre-processing task [11] used 
to balance imbalanced data and it is done by either adding 
samples to minority class or dropping samples from majority 
class. The former process is known as oversampling and the 
latter is called undersampling.  Fig. 3 gives its schematic 
representation. 
 

 
Fig 3: Undersampling and Oversampling process [12] 

 
We have included three oversampling and three 
undersampling methods for the empirical study. The selected 
oversampling techniques are ROS(Random Over Sampling), 
SMOTE (Synthetic Minority Oversampling TEchnique) and 
ADASYN (ADAptive SYNthetic sampling). RUS(Random 
Under Sampling), CUS(Cluster based Under Sampling) and 
NearMiss are the other three under sampling techniques 
chosen for the study. 
 
 
1. Random Over Sampling 
In the groups of oversampling methods, the simplest 
preprocessing technique is random oversampling. Samples of 
the minority class are randomly selected and replicated, so that 
the count of rare class becomes equal to the count of majority 
class. ROS has applied to training sets of the four datasets and 
data distribution of Thoracic cancer set after ROS has shown 
in Fig. 4. 

 
Fig 4: Data representation after ROS 

In ROS, replication of same data can increase the likelihood of 
occurring overfitting. Usage of synthetic samples of minority 
class became popular due to this issue of random over 
sampling.  SMOTE and ADASYN are the two such synthetic 
sample generation oversampling methods. 
2. SMOTE 
SMOTE is a popular oversampling technique was proposed by 
Chawla et.al [13] uses synthetic samples instead of duplicating 
the same data. New samples are generated by taking k-nearest 
neighbours of minority class samples. The value set for ‘k’ 
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depends on the number of new samples need to be generated. 
The difference between the featured vector and neighbouring 
sample is calculated and then this value is multiplied with a 
random number between 0 and 1. This new vector value is 
added to the selected featured vector to create a new sample of 
minority class. 
 

 
Fig 5: Synthetic sample generation using SMOTE for k=5 [14] 

 
3. ADASYN 
It is an improved version of SMOTE which uses a weighted 
distribution for different minority class samples depends on 
the toughness to learn them. More synthetic samples are 
generated for complicated minority samples than the minority 
samples which are less complex to learn. This adopted strategy 
reduces the bias due to the class imbalance [15]. Fig. 6 shows 
the new data distribution for thoracic cancer set when it is over 
sampled by SMOTE and ADASYN. 

 

Fig 6: Balanced data after the application of SMOTE & 
ADASYN 

4. RUS 
RUS is an undersampling method randomly chooses instances 
from majority class and the selected observations are 
eliminated from the original set until it gets balanced. The 
training sets of the four data sets were undersampled using 
RUS to create a balanced datasets. Fig. 7 shows the status of 
positive and negative samples of Thoracic cancer set after 
applying RUS.  

 

Fig 7: Data distribution after RUS 
 

However RUS is very simple, its major drawback is that it can 
discard potentially useful data that could be important for 
learning process. 

 
5.  CUS 
In order to overcome the drawback of RUS, Lin et.al [16] 
proposed a clustering based undersampling method. In this 
case, simple K-means algorithm is used to cluster the majority 
class. Each cluster is represented by a cluster centroid and this 
centroid will be added to the new sample list of majority class. 
In this way, the count of majority class instances will get 
reduced and the dataset gets balanced. 
 
6. NearMiss 
This method selects the majority class samples which are 
nearer to the minority class samples. i.e. it retains majority 
class samples whose distances are short to the minority class 
samples [17]. 

IV. CLASSIFIERS SELECTED 

Four different classifiers are used for performing 
classification. They are Support Vector Machine (SVM), 
AdaBoost (Adaptive Boosting), Random Forest (RF) and 
Multi-Layer Perceptron (MLP). 

1. SVM 
SVM is a very popular classifier for two-class problems, 
creates a hyper plane between two sets of data samples. The 
hyper plane that has the highest distance to the nearest data 
point is considered as the best hyper plane. Variant SVMs 
have also been developed for handling imbalanced datasets, 
GSVM-RU, was proposed by Tang et.al [18] shows high 
efficiency.  
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2. AdaBoost 
AdaBoost is an ensemble method developed for binary 
classification. This creates a strong classifier from weak 
classifiers. This is done by creating subsequent models on 
correcting errors occurred in preceding models. The process is 
repeated until the training set is predicted perfectly or 
maximum number of models is added. Jie Song et.al proposed 
an improved AdaBoost algorithm, Balanced AdaBoost 
(BABoost) gives high misclassification weights for the 
samples from minority class [19]. 

3.Random Forest 
RF is a powerful ensemble based decision tree classifier, well 
known for its classification accuracy. It is a combination of 
tree predictors in which each tree depends on the values of a 
random vector sampled independently and with the same 
distribution for all trees in the forest. The generalization error 
for forests converges to a limit as the number of trees in the 
forest becomes large [20]. This error depends on the strength 
of individual trees in the forest and the correlation between 
them. 

4. MLP 
MLP is a neural network classifier uses back propagation 
method to train the network. The weight vector provided at the 
input layer can be adjusted with the back propagation of error 
to get a right match of the input and output. Bruzzone et.al 
proposed a multilayer perceptron to classify the imbalanced 
remote sensing data, succeeded to get more stable result [21]. 
Oh et.al modified the error function to update the weight value 
and thus reduced the skewness in the imbalanced datasets [22].  

V. PERFORMANCE MEASURES 

Classification results are verified based on the confusion 
matrix. Confusion matrix provides the count of both correctly 
classified and misclassified samples. These values are TP 
(True Positive), TN (True Negative), FP (False Positive) and 
FN (False Negative). Python’s 
sklearn.metrics.confusion_matrix is used to generate the 
values.  The conventional method to evaluate the performance 
is accuracy. But in the case of imbalanced datasets, accuracy 
does not exhibit the actual performance on minority samples 
[23]. Hence other metrics such as Precision, Recall, F-Score, 
G-Mean and ROC are considered. 
Precision tells us the rate of correctly classified samples over 
the predicted ones. In this study, precision over majority 
sample (-ve) is considered. The values can be derived through 
the equation, Precision (-ve instances), PN  =        TN  
                                      TN + FN 

Nevertheless, imbalanced data classification gives more 
priority on the identification of positive instances, True 
Positive Rate (Recall (+ve) / Sensitivity) is also included in the 
study. Its values are obtained by                                        
Recall (+ve instances), RP  =        TP                                                                                                                                                   
                                        TP + FN 
Other metrics, F-Score reflects the goodness of classifier by 
considering the precision and recall together. This is one of the 
good methods to assess the performance of classifier. F-S core 
can be find out using the formula    
 F-Score = 2* Precision * Recall 
                    Precision + Recall 
 
Geometric mean (G-Mean) considers both true positive rate 
and true negative rate and hence it correlates both objectives. 
It can be defined as G-Mean = √    TP       *        TN 
                                                    TP + FN        TN + FP 
 
Receiver Operating Characteristic (ROC) is a standard 
technique for exhibiting the trade-off between true positive 
rate and false positive rate. The Area Under the ROC curve 
provides a single measure of classifier’s performance for 
evaluating which model is better on average. The AUC 
measure is computed by   AUC = 1+ TP%+FP% 
           2   

VI. EXPERIMENTAL STUDY AND RESULTS 

The empirical study has been done with Python’s Jupyter 
Notebook. The following methodology has adopted to conduct 
the prediction of class labels and for evaluating the effect of 
sampling in imbalanced datasets. 
 
i) Selection of imbalanced datasets. 
ii) Pre-processed the datasets to convert string valued 

attributes to integer type, for which we use Panda’s data 
frame facility. 

iii) Splitted the dataset into Training set and Test set in the 
ratio 70:30. 

iv) Applied the resampling techniques to training set. 
v) Learnt the model and fitted the data using four well 

known classifiers- SVM, AdaBoost, Random Forest and 
MLP. 

vi) Evaluated the performances of classifiers before 
sampling and after sampling. 

Schematic representation of this methodology has shown in 
Fig. 8. 
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Fig 8: Methodology used 

 
Initially, when the classifiers learnt with unbalanced data, the 
recall value on +ve class (sensitivity) found very low, 
sometimes it found as 0. Thereafter the training set was 
modified by the selected oversampling and undersampling 
strategies. Here we consider precision on –ve value and recall 
on +ve value with the intension of getting higher priority on 
the prediction of +ve(minority) samples. Since it is also 
necessary to ensure correctness in the classification of –ve 

(majority) samples, their precision is considered. However 
missing a +ve sample incurs high loss. 

Table2 shows the details of training sets after resampling. We 
got better sensitivity after applying the resampling techniques. 
At the same time, precision over majority sample is also 
preserved. Similar improvement also found with F-Score, 
GMean and ROC values. These observations are tabulated in 
Table3 thru Table6. The results were obtained using Python 
libraries scikit-learn and imbalanced-learn. 
 

 

Table 2: Data distribution of training set before and after resampling 

Dataset 
Unbalanced Train set 

After Oversampling After Undersampling 

ROS/SMOTE ADASYN RUS/CUS/ NearMiss 

+'ve -'ve +'ve -'ve +'ve -'ve +'ve -'ve 

Thoracic 48 281 281 281 298 281 48 48 

Abalone 919 2004 2004 2004 2069 2004 919 919 

Diabetes 194 343 343 343 343 343 194 194 

Hepatitis 22 77 77 77 75 77 22 22 
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Table3: Performance evaluation using SVM 

Dataset Sampling 
Method 

Precision Recall 
F1-

Score G-Mean ROC 
-'ve +' ve +' ve 

Thoracic 

_ 0.84 0 0 0.00 0.5 

ROS 0.89 0.55 0.34 0.62 0.621 

SMOTE 0.85 0.55 0.25 0.52 0.516 

ADASYN 0.82 0.55 0.22 0.46 0.462 

RUS 0.89 0.59 0.33 0.61 0.615 

CUS 0.86 0.55 0.26 0.52 0.525 

NearMiss 0.86 0.5 0.27 0.54 0.539 

Abalone 

_ 0.85 0.7 0.72 0.78 0.787 

ROS 0.91 0.86 0.73 0.80 0.803 

SMOTE 0.91 0.86 0.73 0.81 0.807 

ADASYN 0.93 0.9 0.71 0.79 0.791 

RUS 0.91 0.86 0.74 0.81 0.811 

CUS 0.92 0.88 0.72 0.79 0.793 

NearMiss 0.86 0.73 0.72 0.79 0.792 

Diabetes 

_ 0.81 0.54 0.62 0.70 0.72 

ROS 0.83 0.65 0.62 0.71 0.72 

SMOTE 0.91 0.86 0.73 0.80 0.803 

ADASYN 0.93 0.9 0.71 0.79 0.791 

RUS 0.91 0.86 0.74 0.81 0.811 

CUS 0.92 0.88 0.72 0.79 0.793 

NearMiss 0.8 0.74 0.56 0.63 0.739 

Hepatitis 

_ 0.97 0.75 0.6 0.83 0.837 

ROS 0.91 0.86 0.73 0.80 0.803 

SMOTE 0.97 0.75 0.46 0.80 0.798 

ADASYN 0.97 0.75 0.46 0.80 0.798 

RUS 0.96 0.75 0.32 0.72 0.721 

CUS 1 1 0.35 0.79 0.808 

NearMiss 0.97 0.75 0.33 0.73 0.73 
 
Table 3 displays the results of SVM classifier on the four 
datasets- Thoracic, Abalone, Diabetes and Hepatitis. The recall 
and F-score values of Thoracic data were 0 before sampling. 
Same result found with RF and MLP also. It means that, the 
classifier was unable to identify a single minority sample due 
to the data skewness problem. Later, as a result of sampling, 
more than around 50% increase found with recall value. 

Values of other metrics like F-Score, G-Mean and ROC, are 
also showed improvements in their value. In the case of 
Hepatitis data, CUS gives 1 for both precision and recall 
which indicates that no positive data misclassified as negative. 
Similar sort of analysis can be performed in the  
tables 4, 5 and 6. 
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Table 4: Performance evaluation using AdaBoost 
Dataset Sampling Method Precision Recall F1-Score G-Mean ROC 

-'ve +' ve +' ve 
Thoracic _ 0.84 0.05 0.07 0.22 0.498 

ROS 0.87 0.36 0.27 0.52 0.56 
SMOTE 0.87 0.27 0.29 0.49 0.578 
ADASYN 0.87 0.27 0.29 0.49 0.578 
RUS 0.88 0.55 0.3 0.58 0.584 
CUS 0.88 0.91 0.27 0.34 0.518 
NearMiss 0.87 0.59 0.27 0.54 0.606 

Abalone _ 0.86 0.72 0.73 0.79 0.794 
ROS 0.9 0.83 0.71 0.78 0.786 
SMOTE 0.9 0.83 0.72 0.79 0.795 
ADASYN 0.93 0.91 0.71 0.77 0.784 
RUS 0.91 0.86 0.73 0.80 0.799 
CUS 0.92 0.88 0.72 0.79 0.794 
NearMiss 0.8 0.74 0.56 0.63 0.739 

Diabetes _ 0.79 0.53 0.58 0.68 0.69 
ROS 0.84 0.65 0.66 0.74 0.75 
SMOTE 0.84 0.66 0.65 0.74 0.75 
ADASYN 0.83 0.65 0.63 0.72 0.73 
RUS 0.84 0.7 0.61 0.71 0.71 
CUS 0.82 0.62 0.63 0.72 0.72 
NearMiss 0.81 0.65 0.57 0.68 0.68 

Hepatitis _ 0.94 0.5 0.33 0.65 0.673 
ROS 0.94 0.5 0.29 0.63 0.647 
SMOTE 0.97 0.75 0.5 0.81 0.811 
ADASYN 0.97 0.75 0.43 0.78 0.785 
RUS 0.97 0.75 0.4 0.77 0.772 
CUS 0.95 0.75 0.23 0.62 0.631 
NearMiss 1 1 0.31 0.73 0.897 

 
Table 5: Performance evaluation using RF 

Dataset Sampling Method Precision Recall F1-Score G-Mean ROC 
-'ve +' ve +' ve 

Thoracic _ 0.84 0 0 0.00 0.5 
ROS 0.86 0.5 0.26 0.53 0.536 
SMOTE 0.86 0.5 0.26 0.53 0.532 
ADASYN 0.87 0.5 0.28 0.55 0.557 
RUS 0.89 0.55 0.33 0.61 0.609 
CUS 0.87 0.73 0.27 0.49 0.528 
NearMiss 0.83 0.45 0.22 0.47 0.475 

Abalone _ 0.84 0.66 0.69 0.76 0.768 
ROS 0.9 0.84 0.71 0.78 0.785 
SMOTE 0.9 0.85 0.71 0.78 0.786 
ADASYN 0.92 0.89 0.69 0.75 0.766 
RUS 0.9 0.84 0.71 0.78 0.788 
CUS 0.92 0.88 0.71 0.78 0.785 
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Dataset Sampling Method Precision Recall F1-Score G-Mean ROC 
-'ve +' ve +' ve 

NearMiss 0.83 0.65 0.68 0.75 0.759 
Diabetis _ 0.74 0.31 0.43 0.54 0.62 

ROS 0.82 0.66 0.6 0.70 0.7 
SMOTE 0.84 0.69 0.63 0.72 0.72 
ADASYN 0.84 0.7 0.62 0.72 0.72 
RUS 0.84 0.69 0.62 0.72 0.72 
CUS 0.82 0.65 0.6 0.70 0.71 
NearMiss 0.81 0.61 0.59 0.69 0.7 

Hepatitis _ 0.95 0.5 0.67 0.71 0.75 
ROS 0.97 0.75 0.46 0.80 0.798 
SMOTE 0.97 0.75 0.5 0.81 0.811 
ADASYN 0.97 0.75 0.55 0.82 0.824 
RUS 0.97 0.75 0.35 0.74 0.747 
CUS 0.96 0.75 0.26 0.67 0.669 
NearMiss 0.96 0.75 0.32 0.72 0.721 

 
Table 6: Performance evaluation using MLP 

Dataset Sampling Method Precision Recall F1-Score G-Mean ROC 
-'ve +' ve +' ve 

Thoracic _ 0.84 0 0 0.00 0.498 
ROS 0.91 0.68 0.37 0.65 0.652 
SMOTE 0.88 0.73 0.28 0.51 0.54 
ADASYN 0.85 0.73 0.26 0.45 0.502 
RUS 0.88 0.64 0.29 0.57 0.57 
CUS 0.84 0.77 0.26 0.42 0.499 
NearMiss 0.85 0.68 0.26 0.47 0.505 

Abalone _ 0.86 0.72 0.74 0.80 0.803 
ROS 0.91 0.85 0.73 0.80 0.803 
SMOTE 0.91 0.84 0.74 0.80 0.807 
ADASYN 0.93 0.89 0.71 0.78 0.79 
RUS 0.9 0.84 0.73 0.80 0.803 
CUS 0.92 0.89 0.72 0.79 0.793 
NearMiss 0.85 0.76 0.65 0.73 0.731 

Diabetis _ 0.68 0.15 0.2 0.35 0.49 
ROS 0.79 0.69 0.52 0.61 0.61 
SMOTE 0.8 0.76 0.52 0.58 0.6 
ADASYN 0.81 0.77 0.53 0.59 0.61 
RUS 0.73 0.36 0.42 0.54 0.59 
CUS 0.72 0.61 0.45 0.54 0.54 
NearMiss 0.7 0.32 0.35 0.49 0.53 

Hepatitis _ 0.93 0.25 0.4 0.50 0.625 
ROS 1 1 0.25 0.62 0.692 
SMOTE 1 1 0.23 0.56 0.654 
ADASYN 0.92 0.75 0.17 0.46 0.516 
RUS 0.96 0.75 0.3 0.71 0.708 
CUS 0.89 0.25 0.11 0.40 0.446 
NearMiss 0.96 0.75 0.32 0.72 0.721 
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While analyzing the results in tables 3 to 6, SMOTE 
outperforms over the other sampling techniques. In some 
cases, ROS and RUS also lead in prediction. But when 
continue the experiment, we identified that the training dataset 
obtained through RUS and ROS for the same data changes for 
each invocation and hence produces different result for same 
dataset, which is sometimes good and sometimes bad. Hence 
use of ROS and RUS are not advisable. The goodness of 
ADASYN is also remarkable. Fig.9 and Fig.10 shows the 
performance of classifiers after applying the oversampling 
strategy SMOTE and undersampling strategy NearMiss. We 
observed that the ROC and G-Mean values obtained through 
oversampling are fairly good than the values obtained through 
undersamling. 

 
Fig9: ROC comparison of classifiers in Diabetes dataset after 

SMOTE 

 
Among the sampling techniques chosen, SMOTE performs 
well irresptive of nature of data and imbalance ratio. Through 
the experimental analysis, oversampling with synthetic sample 
generation is found to be a reliable and adoptable resampling 
strategy. 

 
 

Fig10: ROC comparison of classifiers in Diabetes dataset after 
NearMiss 

In this study, we give prime importance on how resampling 
techniques help the classifiers to improve their prediction on 
minority but relevant data. Performance comparison among 
the selected classifiers is secondary. Table 7 shows the average 
performance of each classifier based on G-Mean value. SVM 
performs best for each dataset with highest G-Mean and ROC 
values. AdaBoost and RF are also having remarkable 
performance in the classification process, placed just behind 
SVM. In each dataset except Abalone, MLP shows the lowest 
performance. 
 

Table7: Average performance of classifiers 

Classifier 
Dataset 

Thoracic Abalone Diabetes Hepatisis 
SVM 0.4677 0.7945 0.7466 0.781 

AdaBoost 0.4552 0.7656 0.7123 0.7136 
RF 0.45535 0.7703 0.6856 0.7521 

MLP 0.43812 0.7886 0.5293 0.5657 
 

VII. CONCLUSION 

Preprocessing of imbalanced datasets is essential as many real 
life problems are get affected by the skewness of certain class 
values. When compared the methods available for imbalanced 
problems, resampling is found more simple and flexible. By 
this study, we identified that oversampling method with 
synthetic sample generation shows best results for the entire 
datasets. Nevertheless undersampling is an alternate choice for 
rebalancing, oversampling is advisable to use, because 
undersampling often leads to the loss of vital information. This 
study shows that there is substantial improvement over the 
performance of classifiers after when the datasets were 
subjected to resampling process. The positive change in 
performance is more obvious with the data whose imbalance 
ratio is very high. 
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