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Abstract: Class imbalance is one of main problem in data 

mining field that can prompt to misclassification. Data are said to 

be imbalanced if the classes instances are not appearing similarly. 

Despite the fact that the sample of the dominant class and their 

appropriate classification are vital to classifier, oral cancer is 

analyzed by depending on the minority class tests. Numerous 

classification learning algorithms have low prescient precision for 

the rare class. Additionally, majority of the classification 

algorithms concern on the classification of significant major 

sample while overlooking the minority class. Misclassification 

resulted to non-cancerous and the cancerous patients pay 

expansion time and cost. In this research study, an examination of 

imbalanced classification issue on oral cancer prediction will be 

thoroughly performed. This investigation utilizes crossover 

approach of SMOTE and Random Undersampling and mix of 

feature selection strategies. The proposed algorithm is expected to 

gives better class imbalance solution and better performance in 

classification of oral cancer prediction. 

 
Index Terms: class imbalance, data preprocessing techniques, 

ensemble algorithm, feature selection.  

I. INTRODUCTION 

Oral cancer usually caused by cancerous tissue growth with 

multiple factors from extrinsic to intrinsic that arise in a 

certain period of time. This disease incorporates malignant 

growths of mouth, cheek lining, gums, lips or palate, sinuses, 

and pharynx (throat), can be dangerous if not analyzed and 

treated early. The mortality rate related with this disease is 

high because of the malignant growth being found late in its 

improvement and it's not really recognizable in the beginning 

period. The present condition of dataset for these disease 

regularly high imbalance since majority of records dominated 

by critical patients.  

Imbalanced class problem is vital from data mining's point 

of view. In medical data sets, data normally composed of 

minority and majority data and class. The imbalanced 

between both can cause classification problem where one or 

more class distribution is not balance in total with each other 

[6]. It regularly emerges in clinical data where high frequency 

among samples of cases that require frequent observation 

while case samples on the other hand may be at low frequency 

[2]. 

For an example, in the genuine medical records patients 
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that have critical stage of cancer are more than the early stage 

cancer patients. Therefore, there will be more data for critical 

stage cancer patients rather than the early diagnosed. 

Subsequently, it is vital to determine which factors or feature 

that can prompt stage 4 oral cancer growth so as to get early 

diagnosis in diminishing the death rate of this disease. The 

class imbalance problem might be because of the restrictions 

to get information, for example, cost, protection and huge 

effort. However, in a lot of applications the minority class are 

the most important one. Direct classification might be biased 

towards the larger part of classes and results in poor execution 

in the minority class. Therefore, the cost of misclassifying the 

minority class correlated high rather with the cost of 

misclassifying the majority class. Therefore, the cost of 

classification error for minority class significantly high 

correlated with the cost of classification error for majority 

class. 

All learning algorithms assumed that there would be a 

similar size in data set as a consequence that the learning 

algorithms cannot model the minority class. It is because in 

many time it neglects the rare class. Therefore, the results will 

significantly represent the majority class since minority class 

contribute less [7]. In data training, this imbalance class will 

give some effects to the execution for mostly selected cases 

such as higher error rate and the low percentage of accuracy 

[8], [9]. To improve this problem, a resampling technique 

imbalanced data set prior to feature selection step taking place 

is proposed. Hybrid approach which is a combination of 

random undersampling and SMOTE were used in our model 

to resolve the imbalance problem. 

Most data contain more information than is needed to build 

the model, or the less important information. Feature selection 

technique is one of the good technique that can help us to 

create an accurate predictive model by removing the 

unneeded, redundant and irrelevant attributes that do not 

contribute to the accuracy of the model or may lead to the 

lower accuracy of the predictive model. In this study, this 

method was applied to select the optimum feature in order to 

enhance model accuracy. 

II. RELATED WORK 

Classification is one of the data mining technique used to 

target classifications or classes. The aim of classification is to 

predict accurately the target class for each case in the data. 

The classification for head and neck mostly considers 

machine learning and data mining algorithm such in [9] that 

predict the oral cancer patients 

by employing clustering 

K-Mean and neural network 

with histopathological data 
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set. The model achieve accuracy of more than 90 % for the 

diagnosed results. In [10] shows distinct three unique of 

decision tree the predicting of survivability is higher and 

accuracy is increased. In many case, classification strategies 

may unsuccessful or unreliable when experimented to an 

imbalanced dataset [7].  

Methods that can used to solve imbalanced data are 

categorized in three approaches [11]. The first approach is by 

algorithm level where this method focuses on the learning of 

minority class that map the classifier algorithm to improve 

performance the present of minority class [1]. The second 

approach is by data level, where this technique aims to solve 

problems with the distribution of a data set by using sampling 

methods [12]. Oversampling and undersampling are among 

basic sampling where oversampling copies minority class 

cases in random, while undersampling cast aside the majority 

class cases randomly to enhance the class distribution. 

Oversampling may lead to overfitting as duplicate the 

minority cases while undersampling may discard potential 

important majority cases. Third approach is by using 

cost-sensitive learning framework. This technique make use 

between algorithm and data approaches.  

Apart to the approaches, the ensemble learning emerges to 

be employed for imbalance data. Ensemble methods are 

collection of algorithm that join a few machine learning 

techniques into one predictive model. There are several 

techniques that commonly used as an ensemble technique 

such bagging, boosting, stacking and etc. In a few research, 

this strategy using several techniques such as clustering 

algorithm and genetic algorithm and might resulted better 

performance than bagging and boosting [13]. 

From the above categorization, the three kind of strategies 

have been utilized and improved and still under emerging 

research activities. Some research proposed an enhanced 

feature selection technique with machine learning such as 

SVM and RBF [14]. Solution for variety sampling and 

resampling also commonly used [15] for example using two 

non-random instances of informed undersampling that 

demonstrated to give great outcomes are EasyEnsemble and 

BalanceCascade algorithms [16]. On the other side, hybrid 

approach also be used as an integration of oversampling and 

undersampling by remove a portion of the example previously 

or after to resampling in order to handle overfitting [17]. 

Correlation-based feature selection and the wrapper 

algorithms also being utilized Bayesian Networks, Artificial 

Neural Networks, SVM, DTs and Random Forests improved 

a bit the performance [18]. A hybrid model of Relief Genetic 

Algorithm with ANFIS delivered a higher classification 

accuracy more than 90% [19]. All of these research mostly 

being studied based on data mining Knowledge Data 

Discovery (KDD) as the framework consist of data cleaning, 

data transformation, data mining, pattern evaluation and 

knowledge presentation. 

III. METHODOLOGY 

To accomplish our research objectives, the research will be 

divided into five main phases. The flow of the proposed 

methods were shown in Fig. 1 and will be discussed in next 

subsection. 

 
Fig. 1: Process flow 

A. Data Preprocessing and Resampling 

Data normalization is used in the data preprocessing stage 

where the original data will be normalized and missing data 

will be treated. SMOTE-RUS resampling were implemented 

in the second phase of experiment. Synthetic Minority 

Oversampling Technique (SMOTE) copying insignificant 

data and oversample it by making synthetic samples in the 

feature space shaped by the occurrence and its 𝐾-nearest 

neighbors, which adequately dodge the overfitting issue [22]. 

For a given two samples, and  from random minority 

sample set, where each sample has 𝑛 attributes. For  and , 

calculate the difference of 𝑖th attribute; which is, =  − 

. Then, obtain the ith attribute value of the new target 

sample according to 

 

                 = r and [0, 1] *                         (1) 

 

where r and [0, 1] an arbitrary value in the range of 0 and 1. 

So, the final synthetic sample of  and  is 

 

              = r and [0, 1] *                                (2)                 

 

where diff = , , ….. ) according to the 

sampling rate in certain execution times and repeated. The 

synthetic samples and the original samples is used as final 

minority sample set. Then, random undersampling techniques 

and SMOTE were combined and implemented to individually 

increment or reduce the size of the classes to accomplish the 

ideal proportions [25]. SMOTE utilized five closest 

neighbors, which was also compatible with results as in [4]. 

Given a dataset S, with minority class and larger part class 

, the system can be depicted as follows: 

i. The modified size, newMajSize, of the larger part class, is 

defined by a random number generated between 2 and |S|−2 

(both inclusive). Appropriately, the modified measure, 

newMinSize, of the minority class becomes |S| − 

newMajSize. 

ii. If newMajSize < | |, the larger part class  is made by 

RUS the original  so that the final measure | | = 

newMajSize. Thus, the new minority class  is acquired 

from  utilizing SMOTE to create newMinSize − | | 

artificial instances. 

iii. Otherwise,  is the class created by RUS . On the other 

hand,   is the class that includes artificial samples 

generated using SMOTE on . Thus, finally, | | = 

newMinSize and | | = 

newMajSize. 
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B. Hybrid Feature Selection Approach 

The aim of feature selection technique is to locate most the 

most important attributes as this will contribute to the 

performance of the classification. It is critical to apply feature 

selection since class imbalance problem is ordinarily joined 

by issue of high data dimensionality. In this project, feature 

selection implemented in WEKA with 10-fold cross 

validation. The function utilized for attribute assessment will 

be discussed in next section. 

Correlation Attribute Evaluator with Ranker. This 

algorithm valuates an attribute by estimating the connection 

of all attribute with the class. This nominal characterization is 

carry out based on value as an indicator where general 

relationship for nominal attribute is accomplished by a 

weighted average. This algorithm utilized with ranker 

algorithm, so as to rank its traits by using individual 

assessments.  

Correlation Forward Selection Subset Evaluator with 

Linear Forward Selection. This algorithm evaluates the value 

of a subset of attributes by deliberating the individual 

predictive capability of each element unto the level of 

iteration between them. This forward selection considers a 

limited number of  characteristics. Each set chooses a fixed 

number k of traits, while k is expanded in each progression 

when fixed-width is chosen. The search is used to utilize for 

initial ordering to select the top k attributes, or to do a ranking 

base on similar value but can be used later. 

C. Ensemble Classification 

The fundamental point of created the ensemble classifiers 

is to improve performance of classifier [21]. Boosting 

strategy is an ensemble learning algorithm that can tackle the 

issue of class imbalance and to improve the performance of 

weak classifier [22]. Four classifiers were selected to the 

classification which are SVM, Naïve Bayes, Logistic 

Regression and KNN. An ensemble algorithm which is 

AdaBoost implemented to validate the analysis performance 

for each of the classifier when experimented with different 

resampling and feature selection techniques. The AdaBoost 

ensemble algorithm were utilized to make a relative study 

with the four single classifier.  

The fundamental rule of boosting is to fit a grouping of 

weak learner, for example, models that are just somewhat 

superior to random guessing. In this algorithm, more weight is 

given to example that were misclassified by prior rounds. The 

prediction are then consolidated through a weighted majority 

vote (classification) to create the last forecast. AdaBoost 

depends on the rule of creating numerous predictors and 

weighted election among the individual feeble classifier.  

AdaBoost continues in a successive strides with equivalent 

probabilities of each {D( )}, i = 1,…, n in the learning 

dataset at the absolute starting point. At each progression, the 

new learning dataset is chosen by examining from the first 

learning set utilizing probabilities {D( )}, i = 1,…, n  with 

substitution. After the classifier dependent on this resampled 

learning set is built, the case {D( )}, (i = 1,…, n) are 

refreshed relying upon the misclassifications up to the present 

step. That is, the focuses being misclassified in preceding step 

will be allocated heavier sampling probabilities and have 

huge opportunity to be chosen into the learning set for 

subsequent step. 

 

 

Algorithm AdaBoost 

Input: sequence of m examples  with 

clasess 

                Y = {1,….,k} 

            weak learning algorithm WeakLearn 

            integer T specifying number of iterations 

Initialize  = 1/m for all i. 

Do for t = 1, 2,…..,T 

        

1. Call WeakLearn, providing it with the distribution           

2. Get back a hypothesis : X → Y   

3. Calculate the error of :  =  

then set T = t – 1 and abort loop. 

4. Set  

5. Update distribution     

        where  is a normalization constant (chosen so that 

 will be a distribution). 

Output the final hypothesis: 

 

 

Fig. 2: The algorithm AdaBoost 

 

The boosting calculation carry out as information on a 

preparation set of m models S = 

where is an occurrence depicted 

from some space X and drawn to certain way such as in vector, 

and  Y is the class related with . In this study, the 

arrangement of conceivable names Y is of limited cardinality k 

is generally expected. 

In addition, the boosting algorithms approaches another 

learning algorithm, called the weak algorithm (weakLearn). 

In this study, SVM, Naïve Bayes, Logistic Regression and 

KNN classifier used as a weakLearn to the AdaBoost. The 

boosting algorithms calls weakLearn repetitively in a 

progression of rounds. On round t, the supporter gives 

weakLearn a dissemination over the preparation set S. 

Accordingly, weakLearn registers a classifier or theory : X 

→ Y  which ought to misclassify an important vector of the 

preparation models, in respect to . That is, the weak 

learner’s goal will likely discover a theory  which reduce 

the error  =  [  ( ) ]. Note that this error is 

estimated regarding the dissemination  that was given to 

the weak learner. This procedure proceeds for T rounds, and, 

finally, the booster integrate the weak hypothesis ,……,  

into a single last hypothesis .  

IV. EXPERIMENTAL SETUP 

The resource data for this study were obtained from a 

record perspective on oral disease patients from 

Otorhinolaryngology Clinic at Hospital Universiti Sains 

Malaysia (HUSM) in Kelantan. The data set consist of 27 

attributes. The variable in the data set were sex, ethnic, age 

gathering, oral malignancy district and high-chance 

propensities. Age was partitioned into five categories. The 

oral malignant growth districts incorporated into this research  
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were buccal, floor of mouth, lip, mandible, maxilla, 

Oropharynx, sense of taste, salivary organ, tongue and other 

unspecific parts. The model of attributes found in this dataset 

are recorded in Table 1. 

 

     Table 1: Oral cancer dataset consist of 27 variables 

No. Variable Type 

1. Case Id Text 

2. Age Numeric 

3. Gender Nominal 

4. Ethnicity Polynomial 

5. Smoking Nominal 

6. Quid chewing habit Nominal 

7. Alcohol Nominal 

8. Difficulty in chewing Nominal 

9. Ulceration Nominal 

10. Neck lump Nominal 

11. Loss of appetite Nominal 

12. Loss of weight Nominal 

13. Hoarseness of voice Nominal 

14. Bleeding Nominal 

15. Burning Nominal 

16. Painful Nominal 

17. Swelling Nominal 

18. Numbness Nominal 

19. Site Polynomial 

20. Size Polynomial 

21. Lymp node Nominal 

22. Histopatological type Polynomial 

23. Differentiation of SCC Polynomial 

24. Primary Tumou Polynomial 

25. Regional lymph nodes Polynomial 

26. Distant Metastasis Polynomial 

27. Stage Polynomial 

V. RESULTS AND DISCUSSION 

A. Resampling Approach  

The hybrid approach of SMOTE and random 

undersampling duplicated minority data by 5 times and 

haphazardly discard rows from majority class to achieve 

similar number of instances for each class. The result of 

balanced class distribution for oral cancer data set were 

shown in Table 2. 

 

Table 2: Balanced Class Distribution for OC utilizing 

hybrid approach by SMOTE and Random 

undersampling (SMOTE-RUS) 

Class 

Name 

Without Resampling After SMOTE-RUS 

# 

Instances 

% 

(Instances) 

# 

Instances 

% 

(Instances) 

One 4 4.89 20 25.00 

Two 10 12.20 20 25.00 

Three 28 34.14 20 25.00 

Four 40 48.78 20 25.00 

Total 82  80  

 

The result shows that the SMOTE-RUS resampling 

balance the class equally by 20 instances for each class. 

SMOTE oversampling the minority class by synthetically 

generating data points. In this study, we use 5 nearest 

neighbors for the amount of oversampling for the minority 

sample that was chosen randomly. Then, the random 

undersampling arbitrarily removed the line of the majority 

class until each class had equally number of sample as in the 

majority class. 

B. Optimum Feature Selected 

The algorithm started with the origin oral cancer data set 

which contain 27 features and 82 instances. The feature 

selection are carried out in WEKA with 10-fold cross 

validation. Correlation Ranking Filter resulted to ranking 27 

features which are 23, 19, 24, 17, 25, 16, 2, 22, 3, 9, 20, 5, 21, 

1, 18, 10, 13, 11, 4, 14, 12, 8, 15, 7, 26. In this process, 3 

features with ranking rate 0 were removed which 7, 15, 26. 

Then, with the balance of 24 features CFS Subset Eval 

remove irrelevant 18 features namely 23, 19, 24, 25, 16, 2, 3, 

9, 20, 5, 1, 18, 10, 13, 11, 4, 14, 12, 8, 6. 

Table 3 demonstrates the hybrid feature selection 

implemented in this research study. The algorithm began with 

no feature selection (FS0), Correlation Attribute Evaluator 

with Ranker (FS1). At that point, the hybrid technique 

occurred when FS1 integrated with CFS Subset Evaluator 

with Linear Forward Selection (FS2). Based on Table 3, the 

aim for the feature selection techniques was to select the most 

relevant attributes that can contribute to the output class. We 

actualized FS1 to compute the connection between each 

attribute and the output variable and select only those 

attributes that have a moderate-to-high positive or negative 

relationship (near 1 or 1) and evacuate those traits with a low 

connection (zero esteem or near zero). The outcome 

demonstrates that attribute 23 has the most noteworthy 

relationship with the output class and 3 attribute with zero 

connection with the output class were evacuated. 

 

Table 3: Attributes selection with feature selection 

technique 

FS Method Selected Attributes 

FS0 No 

selected 

feature 

27 attributes 

FS1 Correlation 

Attribute 

Eval 

Ranker 

Ranked Attribute: 

23,19,24,17,25,16,2,22,3,9,2

0,5,21,1,18,10,13,11,4,14,12

,8,6,15,7,26 (27 attributes) 

 

Remove ranting value : 0 

(attribute 7,15,26 ) 

FS2 cfsSubSetE

val 

Linear 

Forward 

Selection 

 

Remove irrelevant attributes: 

18 attributes  

23,19,24,25,16,2,3,9,20,5,1,

18,10,13,11,4,14,12,8,6 

 

Optimum features: 5 

attributes 1,15,17,21,22 
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Then, with the attributes left by the FS1 we executed CFS 

Subset Eval with Linear Forward Selection to the left 

attributes in the FS1 to look through the most relevant features 

resulting in optimum features chose with 5 attributes which is 

1, 15, 17, 21, 22. This combination of two feature selections 

resulting in a hybrid process. 

C. Accuracy Classification Performance 

The performance measure is considered to assess the 

productivity of the SMOTE-RUS AND FS techniques. 

Basically the precision is the most used measurement to 

compute the performance of classifiers [2]. The performance 

of this methods is assessed by confusion matrix functional 

evaluation measure.  

The confusion matrix is a helpful method to prove the result 

of a classifier since every one of the measurements used to 

assess classifiers can be figured from it [22]. Confusion 

matrix include the genuine and anticipated characterization of 

a classifier. Depending on the data, the execution of a 

classifier is assessed by confusion matrix as in Table 4. The 

assessment are gathered by the Classification Accuracy (%) = 

(TP + TN)/(TP + FP + FN + TN). In this paper, the minority 

class is positive and the dominant part class is negative. 

Four classifier were used in the classification which is 

SVM, Naïve Bayes, Logistic Regression and KNN. For KNN 

and SVM all string or class feature were standardized and 

mapped to numerical qualities where essential. The 

information for the esteem mapping was taken from the 

dictionaries contained in a Predictive Model Markup 

Language records (PMML) and combined with experimental 

environment. [25]. Naive Bayes classifier using estimator 

class. Logistic regression predicts probability and models the 

probability of the default class. 

 

Table 4: Evaluation metrics for imbalance learning 

Performance Rate Formulation 

True positive rate TPrate =  is the percentage of 

positive instances classified correctly. 

False positive rate FPrate =  is the percentage of 

negative instances misclassified. 

False negative rate FNrate =  is the percentage of 

positive instances misclassified. 

True negative rate TNrate =  is the percentage of 

negative instances classified correctly. 

 

In this research, these four diverse machine learning 

algorithms were utilized to group the oral cancer growth data 

set with three feature selection techniques and optimum 

features were chosen by the hybrid approach. Table 5 shows 

results of the percentage of accuracy for selected different 

feature selection without resampling. The approach resulted 

to reduction of accuracy from FS1 to hybrid approach FS2. 

Naïve Bayes show the highest classification accuracy with 

FS1 with 78.05%. Next score was obtained by KNN with 

74.39%. SVM has the worst accuracy with remaining 48.78% 

for all three feature selection. Based on the result, the 

accuracy for hybrid feature selection are mainly not perform 

the best without resampling technique. 

 

Table 5: Accuracy result for selected feature selection on 

OC data set without resampling 

Classification Accuracy Without Resampling (%) 

Algorithm  FS0 FS1 FS2 

Support 

Vector 

Machine 

Accuracy 48.78 48.78 48.78 

Incorrectly 

classified 
51.22 51.22 51.22 

Naïve 

Bayes 

Accuracy 78.05 78.05 70.73 

Incorrectly 

classified 
21.95 21.95 29.27 

Logistic 

Regression 

Accuracy 63.41 63.41 53.66 

Incorrectly 

classified 
36.58 36.59 46.34 

k-Nearest 

Neighbours 

Accuracy 74.39 74.39 70.73 

Incorrectly 

classified 
25.61 25.61 29.57 

 

Meanwhile, in Table 6 shows the performance of Selected 

FS with SMOTE- RUS. The approach improved the accuracy 

performance for all classification algorithms with accuracy 

higher than 95%. The best performing feature selection 

techniques was by hybrid feature selection FS2 with SVM 

algorithm at 98.75% accuracy. The lowest accuracy was 

performed by Logistic Regression in FS1 with 96.25% and 

Naïve Bayes in FS2 also with the same accuracy percentage. 

Most of the classifiers with all feature selection techniques 

performed well when combined with SMOTE-RUS 

resampling. Based on the results obtained, there are large 

differences on the accuracy without resampling and 

resampling method. All the classification algorithm shows an 

accuracy improvement when implemented with resampling 

method. For the classification with SVM, the accuracy 

increased almost 50% when implemented with SMOTE-RUS 

rather than without resampling.  

 

Table 6: Accuracy result for selected feature selection on 

OC data set with SMOTE-RUS 

Classification Accuracy With SMOTE-RUS (%) 

Algorithm  FS0 FS1 FS2 

Support 

Vector 

Machine 

Accuracy 97.50 97.50 98.75 

Error 2.50 

 

2.50 1.25 

Naïve 

Bayes 

Accuracy 97.50 97.50 96.25 

Error 2.50 2.50 3.75 

Logistic 

Regression 

Accuracy 96.25 96.25 97.50 

Error 3.75 3.75 2.50 

k-Nearest 

Neighbours 

Accuracy 97.50 97.50 97.50 

Error 2.50 2.50 2.50 

 

Based on Table 6, the hybrid FS approach used which are 

represented by FS2 shown that classification accuracy 

improved from 97.50% to 98.75% for SVM, 96.25% to 

97.50% for Logistic Regression and remain the same for 

KNN which 97.50% but the accuracy for Naïve Bayes 

decreased about 1.25% compared to FS1. SVM shows the 

highest classification accuracy performance with 98.75% for 

FS2. While in Table 5, SVM has the worst accuracy when 

performed with hybrid FS2 with accuracy 48.78%. These 

show the resampling method could improve the classification 

power for SVM algorithm. 
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D. Validating Results using Ensemble Method 

Experimental results from Table 7 present that data feature 

selection technique only able to enhance the accuracy of 

classification for Logistic Regression from 63.41% to 68.29% 

when implemented with AdaBoost without SMOTE-RUS 

resampling technique. Meanwhile, the accuracy for Naïve 

Bayes and KNN decreased from 71.95% to 69.51% and 

74.39% to 70.73% respectively when experimented without 

resampling along with hybrid feature selection. The accuracy 

for SVM shows no improvement with remain the same at 

48.78%. 

Based on Table 5 and Table 7, without resampling method 

Logistic Regression shows an accuracy improvement from 

53.66% to 68.29% when using AdaBoost but Naïve Bayes 

accuracy decreased by 1.7% from 70.73% to 69.51% while 

the accuracy for SVM and KNN not showing any 

improvement. 

From Table 7 and 8, with AdaBoost algorithm SVM show 

the significant impact of SMOTE-RUS resampling technique 

where the accuracy increase almost by 50% from 48.78% to 

96.25%. From these results, we obtained a high improvement 

of accuracy which all classification algorithms have an 

accuracy higher than 95% when data set implemented with 

SMOTE-RUS resampling technique with AdaBoost ensemble 

algorithm rather than without resampling technique. 

Meanwhile, the hybrid feature selection technique, FS2 able 

to improve the accuracy for SVM and Logistic Regression 

from 95.0% to 96.25% and 96.25% to 97.50% respectively. 

The highest accuracy obtained by SVM with 98.75% using 

SMOTE-RUS resampling technique with hybrid feature 

selection FS2 in Table 6.  

 

Table 7: Accuracy result without resampling for selected 

feature selection on OC data set using AdaBoost 

Classification Accuracy without Resampling using 

AdaBoost.M1 (%) 

Algorithm  FS0 FS1 FS2 

Support 

Vector 

Machine 

Accuracy 48.78 48.78 48.78 

Error 51.22 51.22 51.22 

Naïve 

Bayes 

Accuracy 71.95 71.95 69.51 

Error 28.05 28.05 30.49 

Logistic 

Regression 

Accuracy 63.41 63.41 68.29 

Error 36.58 36.58 31.70 

k-Nearest 

Neighbours 

Accuracy 74.39 74.39 70.73 

Error 25.61 25.61 29.27 

 

Table 8: Accuracy result with resampling for selected 

feature selection on OC data set using AdaBoost 

Classification Accuracy With SMOTE-RUS using 

AdaBoost.M1 (%) 

Algorithm  FS0 FS1 FS2 

Support 

Vector 

Machine 

Accuracy 96.25 95.00 96.25 

Error 3.75 5.00 3.75 

Naïve 

Bayes 

Accuracy 97.50 97.50 96.25 

Error 2.50 2.50 3.75 

Logistic 

Regression 

Accuracy 96.25 96.25 97.5 

Error 3.75 3.75 2.50 

k-Nearest 

Neighbours 

Accuracy 97.5 97.50 97.5 

Error 2.50 2.50 2.50 

 

These result proved that the SMOTE-RUS resampling 

solved the imbalance class problem with the accuracy 

improvement for all classification algorithm either when 

implemented with or without AdaBoost. The results also 

show that the hybrid feature selection FS2 only show an 

improvement when data set experimented with resampling 

technique. In the classification phase, the ensemble methods 

are utilized to enhance the accuracy but in this study, 

ensemble methods used to validate the impact of resampling 

technique and hybrid feature selection from the different 

classifier. 

VI. CONCLUSION 

In this paper, a pairwise integration of data preprocessing 

and hybrid feature selection for taking care of imbalance data 

is proposed. The utilization of resampling strategies for 

imbalanced data set successfully accomplishing higher 

outcomes in term of accuracy rather than without resampling. 

The validation result using AdaBoost.M1 also shows that all 

classification algorithms have an improved accuracy when 

implemented with SMOTE-RUS resampling technique rather 

than boosting algorithm. Our future work will include 

cost-sensitivity as a part of solution for class imbalance. 
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