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Abstract 

In binary classification, when the distribution of numbers in the class is imbalanced, we are aimed to increase 

the accuracy of classification in classification methods. In our study, simulated data sets and actual data sets are 

used. In the simulation, the "BinNor" package in the R project, which produces both numerical and categorical 

data, was utilized. When simulation work is planned, three different effects are considered which may affect the 

classification performance. These are: sample size, correlation structure and class imbalance rates. Scenarios 

were created by considering these effects. Each scenario was repeated 1000 times and 10-fold cross-validation 

was applied. CART, SVM and RF methods have been used in the classification of data sets obtained from both 

simulation and actual data sets. SMOTE, SMOTEBoost and RUSBoost were used to decrease or completely 

remove the imbalance of the data before the classification methods were applied. Specificity, sensitivity, 

balanced accuracy and F-measure were used as performance measures. The simulation results: the imbalance 

rate increases from 10 to 30, the effect of the 3 algorithms on the classification methods is similar accuracy. 

Because the class imbalance has become balanced. 
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1. Introduction  

Analyzing imbalanced data sets via machine learning algorithms has become a common and remarkable 

research area in recent years. Although it is possible to work with balanced data sets in simulation studies, it is 

more likely to be work with imbalanced data sets in real life examples. In a binary classification, for example, 

class imbalance problem emerges when one of the classes has few instances compared to the other class [1, 8]. 

This problem is very common in Health Sciences, especially in rare event studies, cancer studies and etc. As an 

example, the level of imbalance in a case-control study (ratio of the size of control group to case group) might 

be 5%, 10% or 15%.  The imbalance problem heightens whenever the class of relevant has a small number of 

instances compared to the majority class [1, 3]. While the class with a higher set of instances is called as a 

“majority class”, the other class is called as a “minority class” [1]. We use the terms “minority” and “majority” 

throughout this paper. 

The imbalanced data sets lead to several problems such as lower model accuracies, convergence problem for 

some of the learning algorithms and overfitting (or underfitting) [4, 9, 12]. The subjects in minority class are 

misclassified since the model is trained in favor of majority class. As a result, accuracy of the model decreases 

due to the misclassified instances in minority class [1, 4, 6, 8]. It is possible to use balanced accuracy as the 

measure of model performance; however, the results are still sensitive to the unequal sample sizes when the 

level of imbalance is very low (e.g, 5 to 10 percent). When the imbalanced dataset is directly used in 

classification task, the accuracy of the classification methods might be decreased. There are several approaches 

in the literature which might be preferred to decrease or eliminate the effect of the class imbalances. Some of 

these solutions are (i) creating synthetic data, (ii) undersampling and (iii) oversampling [1]. In the former 

approach, new samples are generated using the information from data at hand. In the latter approaches, the basic 

idea is to use resampled subjects from data [1, 5]. Undersampling aims to equalize the class sizes by randomly 

removing instance from majority group [4, 6, 7, 13]. Oversampling, on the other hand, focuses on the minority 

group and aims to equalize the class sizes by replicating subject in the corresponding class [1, 4, 6, 7, 13].  

Several algorithms based on three ideas described above are proposed in order to overcome class imbalance 

problem. Among these algorithms, SMOTE (Synthetic Minority Oversampling Technique) [1], SMOTEBoost 

(SMOTE with Boosting) [5] and RUSBoost (Random undersampling with Boosting) [6] were considered in this 

study.  

Chawla and his colleagues [1] proposed a synthetic minority oversampling technique (SMOTE) by generating 

synthetic instances to handle this problem. Another algorithm, SMOTEBoost [5], aims solve the class imbalance 

problem by combining boosting algorithms with SMOTE. Instead of changing the distributions of training data 

by updating the weights associated with each instance, SMOTEBoost alters the distributions by adding new 

instances of minority class using the SMOTE algorithm; however, it is time-consuming sampling technique. 

Seiffert and his colleagues [6] proposed a new algorithm, RUSBoost, which combines RUS and boosting 

procedure. Both RUSBoost and SMOTEBoost are basically based on boosting algorithm. RUSBoost method 

requires shorter time than SMOTEBoost for training the model. For this reason, this method is preferred over 

SMOTE and SMOTEBoost.  
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Three data balancing algorithms were used and then the classification accuracies are compared with each other. 

These classification methods are Support Vector Machines (SVM), Classification and Regression Tree (CART) 

and Random Forest (RF) [14, 17]. SVM is one of the well-known methods in the literature to separate classes 

that cannot be separated linearly [8]. Classification is an important part of machine learning. In the classification 

task, data is divided into two parts: 70% in the training set and 30% in the test set. The model is fitted to training 

set and optimum model parameters are obtained using validation techniques such as cross-validation, bootstrap, 

etc. Then, test set is used to measure the test performances of the trained models [14]. 

In this article, we focus on binary classification study under several conditions which are likely to affect the 

model accuracies when data are unbalanced. In the previous studies, different sample sizes and different 

correlation structures (the relationship between independent variables and dependent variable) were not 

considered. The level of the correlation between dependent and independent variables may also affect the 

classification results. Therefore, we compared the results of these algorithms on different imbalance ratios, 

sample sizes and correlation structures using a simulation study. The results revealed that accuracies of 

classification methods are increased while using with proposed data balancing algorithms. 

This paper organized as follows: Section 2 the algorithms contain that used to solve the problem of imbalance 

dataset. Section 3 considers performance measures. Section 4 gives details of a simulation study and real 

datasets. Section 5 provides results of experiments. Finally, we conclude in Section 6. 

2. Data Balancing Algorithms 

2.1. SMOTE (Synthetic Minority Oversampling Technique) 

SMOTE [1] technique is an oversampling method which is based on the idea that generating the synthetic 

minority examples. The algorithm in the background can be briefly described as below: 

Step 1: search for the k nearest neighbors of each minority instance, 

Step 2: take the difference between original minority class instance (xi) and the k nearest neighborhood 

(kNN) instance (xj), 

Step 3: select a random number (α) between [0, 1] and multiply the difference obtained from step 2 by α,  

Step 4: create a new synthetic instance using the equation (1). 

xnew=xi + (xj-xi) * α     (1) 

Step 5. Repeat steps 1-4 iteratively to generate desired number of synthetic instances.   

2.2. SMOTEBoost (SMOTE + Boosting)  

SMOTEBoost [5] algorithm combines SMOTE and standard boosting (resampling method) procedures.  
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This method has two major advantages over SMOTE. First, the standard boosting procedure gives equal weights 

to all misclassified instances.  

In SMOTEBoost algorithm, weights are changed indirectly because synthetic instances generated from the 

minority class. In addition, skewed distribution is balanced. Second, SMOTEBoost increases True Positive Rate 

(TPR), so the accuracy of the model is improved.  

2.3. RUSBoost (Random Undersampling + Boosting) 

RUS (Random Undersampling) [6] is a method which aims to equalize the number of samples in each class by 

selecting a random sample from majority group.  

The remaining instances are removed from dataset; thus, the number of instances in each group is set to be equal 

(or almost equal). RUSBoost combines RUS and standard boosting procedures. The algorithm is as below: 

Step 1. Let m be the number of total instances in the training set. Weight of each instance is set to be 1/m. 

Step 2. For T times, a training set is created by applying RUS method on the original majority set.   

3. Performance Measures 

In a binary classification task, common metrics are derived from a confusion matrix as shown in Table 1. In this 

paper, we used Balanced Accuracy and F-Measure as performance measures since these measures take 

imbalanced number of samples into account. 

Table 1: Confusion matrix for a binary classification. 

  
REAL 

TOTAL 
Present Absent 

PREDICTION 
Positive True Positive(TP) False Positive(FP) TP+FP 

Negative False Negative(FN) True Negative(TN) FN+TN 

TOTAL TP+FN FP+TN N 

Sensitivity= TP/(TP+FN)     (2) 

Specificity= TN/(FP+TN)     (3) 

Precision=TP/(TP+FP)     (4) 

Recall=TP/(TP+FN)     (5) 

F-Measure=2 ((Precision*Recall)/(Precision + Recall)) (6) 

Balanced Accuracy=1/(2(Sensitivity + Specificity))  (7) 
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4. Experiments 

4.1. Simulation Study 

In the literature, many studies which are related to class imbalance problem are published. Some of these studies 

based on simulation study, however, these simulation studies were not examined under different correlation 

structures. Therefore; we believe that this study will contribute to demonstrate the validity of proposed 

algorithms under different correlation structures. The accuracy of classifiers might be affected by the sample 

size, correlation structures and class imbalance rates. Hence, simulation scenarios were based on these effects. 

The simulation study contains all possible combinations of: 

1) correlation structures as low, medium, high and actual (i.e the correlation structure obtained from real 

dataset) 

2) sample sizes as 100, 250, 500, 1000 and 2000 

3) imbalance ratios as 10%, 15%, 25% and 30% 

The correlation between dependent and independent variables for low, medium and high correlation structures 

are defined in the intervals [0.00, 0.20], [0.30, 0.60] and [0.61, 0.90] respectively. We assume that weak or no 

correlation exist among independent variables. Fifteen variables (5 binary, 10 numeric) along with the class 

variable are generated using “BinNor” [18] package from R program (version 3.2.3). All scenarios (i.e 80 

different combinations) were repeated 1000 times and 5-fold cross-validation was applied to find optimum 

model parameters. Simulated and real datasets were trained using CART, SVM and RF methods with default 

options in R. SMOTE, SMOTEBoost and RUSBoost were used to decrease or completely remove the imbalance 

of the data before the classification methods were applied. In addition, we applied only classification methods 

without balancing algorithms. This is expressed as NONE in the tables. We used “caret” [19], “rpart” [20] and 

“ROSE” [21] packages from R program (version 3.2.3). Figure 1 shows the workflow of the simulation study.  

 

Figure 1: Summary of simulation study. 

4.2. Real Datasets  

Our experiments were performed on the seven real datasets summarized in Table 2. We received six datasets 

from open source website: http://archive.ics.uci.edu/ml/ (UC Irvine Machine Learning Repository). One of them 

received from the article deducted as a note at Table 2. 
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Table 2: Summary of Real Datasets used in experiments. 

Datasets 
Sample 

Size 
Minority class/Total Number of Variables 

Abalone 731 %5,74- %94,26 9 

Fertility 100 %12-%88 5 

Thoracis Surgery 470 %15-%85 16 

Hepatitis 155 %20-%80 19 

Blood transfusion 748 %23-%77 5 

Alzheirmer* 70 %30-%70 26 

Pima Diabetes 768 %34,9-%66,1 9 

* A blood based 12-miRNA signature of Alzheimer disease patients. (2013), Leidinger P, Backes C, Deutscher 

S, Schmitt K, Mueller SC, Frese K, and his colleagues. 

5. Results 

5.1. Simulation Results 

The results given in tables were evaluated according to F-measure and Balanced Accuracy. 

Low-level correlation;  

When the imbalance ratio was 10%, according to the F-measure values, SMOTE and SMOTEBoost algorithms 

were similar impacts on the classification accuracy. The balanced accuracy of SVM and RF were approximately 

30% when RUSBoost was performed (Table 3). 

As the imbalance rate increased to 30%, the effects of the 3 balancing algorithms on the classification methods 

were similar. This result is due to moderate imbalance rate. Hence, as the imbalance rate increases the change in 

model accuracies due to balancing algorithm decreases.  
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Table 3: Low-level correlation results. 

CM 
Minority/Sample 

size 
Algorithms 

Performance Measures 

Balanced Accuracy F-Measure 

100 250 500 1000 2000 100 250 500 1000 2000 

SVM 

0,1 NONE 0,505 0,502 0,501 0,501 0,099 0,173 0,104 0,079 0,049 0,035 

0,1 RUSBoost 0,572 0,595 0,63 0,643 0,657 0,192 0,222 0,266 0,354 0,362 

0,1 SMOTE 0,506 0,506 0,503 0,508 0,503 0,143 0,116 0,066 0,065 0,035 

0,1 SMOTEBoost 0,506 0,505 0,503 0,508 0,503 0,129 0,088 0,06 0,064 0,034 

0,15 NONE 0,503 0,504 0,502 0,502 0,502 0,14 0,131 0,088 0,054 0,043 

0,15 RUSBoost 0,559 0,601 0,602 0,622 0,631 0,179 0,284 0,323 0,367 0,449 

0,15 SMOTE 0,52 0,517 0,516 0,512 0,52 0,167 0,129 0,105 0,077 0,097 

0,15 SMOTEBoost 0,519 0,516 0,516 0,512 0,52 0,153 0,12 0,103 0,076 0,097 

0,25 NONE 0,51 0,507 0,506 0,506 0,25 0,228 0,171 0,132 0,093 0,073 

0,25 RUSBoost 0,556 0,572 0,595 0,6 0,605 0,376 0,439 0,449 0,481 0,478 

0,25 SMOTE 0,535 0,55 0,556 0,561 0,562 0,263 0,298 0,306 0,314 0,314 

0,25 SMOTEBoost 0,536 0,551 0,556 0,561 0,562 0,255 0,298 0,305 0,314 0,314 

0,3 NONE 0,51 0,511 0,512 0,512 0,513 0,245 0,205 0,163 0,134 0,117 

0,3 RUSBoost 0,561 0,57 0,589 0,597 0,601 0,392 0,463 0,463 0,5 0,492 

0,3 SMOTE 0,542 0,56 0,567 0,575 0,58 0,355 0,395 0,393 0,406 0,417 

0,3 SMOTEBoost 0,543 0,558 0,567 0,574 0,58 0,358 0,395 0,393 0,406 0,418 

CART 

0,1 NONE 0,5 0,502 0,503 0,503 0,099 0,128 0,096 0,098 0,082 0,058 

0,1 RUSBoost 0,5 0,555 0,557 0,566 0,577 0 0,162 0,228 0,286 0,299 

0,1 SMOTE 0,51 0,506 0,503 0,506 0,503 0,143 0,115 0,099 0,101 0,074 

0,1 SMOTEBoost 0,508 0,505 0,501 0,502 0,501 0,099 0,017 0,014 0,015 0,007 

0,15 NONE 0,502 0,505 0,505 0,505 0,503 0,19 0,147 0,116 0,095 0,079 

0,15 RUSBoost 0,529 0,541 0,545 0,558 0,565 0,171 0,231 0,322 0,312 0,362 

0,15 SMOTE 0,517 0,513 0,513 0,509 0,519 0,195 0,167 0,158 0,13 0,128 

0,15 SMOTEBoost 0,513 0,506 0,507 0,503 0,515 0,095 0,024 0,059 0,026 0,098 

0,25 NONE 0,511 0,507 0,507 0,505 0,25 0,247 0,196 0,177 0,147 0,133 

0,25 RUSBoost 0,529 0,532 0,545 0,547 0,552 0,343 0,382 0,39 0,417 0,422 

0,25 SMOTE 0,524 0,529 0,533 0,535 0,537 0,284 0,288 0,281 0,274 0,266 

0,25 SMOTEBoost 0,526 0,525 0,529 0,532 0,533 0,245 0,211 0,218 0,227 0,22 

0,3 NONE 0,508 0,513 0,513 0,51 0,507 0,273 0,257 0,219 0,19 0,171 

0,3 RUSBoost 0,53 0,532 0,543 0,544 0,548 0,305 0,423 0,398 0,45 0,443 

0,3 SMOTE 0,527 0,537 0,542 0,544 0,548 0,355 0,368 0,356 0,354 0,361 

0,3 SMOTEBoost 0,527 0,538 0,544 0,545 0,549 0,331 0,359 0,346 0,34 0,365 

RF 

0,1 NONE 0,505 0,506 0,503 0,504 0,099 0,179 0,113 0,059 0,046 0,03 

0,1 RUSBoost 0,562 0,59 0,613 0,627 0,642 0,151 0,169 0,347 0,335 0,353 

0,1 SMOTE 0,508 0,504 0,508 0,515 0,511 0,118 0,071 0,067 0,078 0,057 

0,1 SMOTEBoost 0,506 0,505 0,506 0,512 0,508 0,067 0,042 0,037 0,056 0,038 

0,15 NONE 0,508 0,508 0,507 0,506 0,505 0,154 0,095 0,066 0,043 0,033 

0,15 RUSBoost 0,556 0,588 0,582 0,603 0,615 0,231 0,31 0,325 0,368 0,434 

0,15 SMOTE 0,524 0,524 0,52 0,52 0,527 0,168 0,131 0,114 0,107 0,131 

0,15 SMOTEBoost 0,519 0,522 0,518 0,516 0,523 0,12 0,106 0,093 0,084 0,11 

0,25 NONE 0,52 0,521 0,521 0,518 0,25 0,174 0,14 0,125 0,106 0,096 

0,25 RUSBoost 0,555 0,56 0,578 0,585 0,59 0,356 0,412 0,44 0,463 0,467 

0,25 SMOTE 0,534 0,547 0,553 0,557 0,562 0,261 0,294 0,297 0,307 0,314 

0,25 SMOTEBoost 0,534 0,55 0,553 0,558 0,561 0,248 0,287 0,291 0,302 0,309 

0,3 NONE 0,523 0,526 0,529 0,53 0,529 0,201 0,188 0,189 0,182 0,171 

0,3 RUSBoost 0,558 0,559 0,572 0,581 0,587 0,411 0,441 0,458 0,485 0,483 

0,3 SMOTE 0,543 0,553 0,565 0,571 0,577 0,357 0,383 0,388 0,4 0,413 

0,3 SMOTEBoost 0,541 0,554 0,565 0,572 0,578 0,348 0,379 0,384 0,399 0,412 

CM:Classification Methods 
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Medium-level correlation; 

When the imbalance ratio was 10%, the RUSBoost algorithm increased the classification accuracies. Especially 

the classification accuracy of SVM and RF were increased up to 70% with the increasing size of samples (Table 

4). 

SMOTE and SMOTEBoost algorithms had also increased the model accuracies, however, RUSBoost's effect 

was greater. 

Table 4: Medium-level correlation results. 

CM 
Minority/Sampl

e size 
Algorithms 

Performance Measures 

Balanced Accuracy F-Measure 

100 250 500 1000 2000 100 250 500 1000 2000 

SVM 

0,1 NONE 
0,56

2 

0,61

2 

0,64

3 

0,09

9 

0,69

4 
0,4 0,4 

0,41

5 

0,46

5 

0,50

6 

0,1 RUSBoost 
0,75

2 

0,80

9 

0,82

6 

0,84

7 

0,86

3 

0,53

1 

0,63

2 

0,67

5 

0,71

2 

0,73

9 

0,1 SMOTE 
0,59

8 

0,64

9 

0,64

1 

0,70

5 

0,73

9 

0,40

8 

0,39

8 

0,38

4 
0,5 

0,55

8 

0,1 
SMOTEBoos

t 

0,59

9 

0,65

1 

0,64

2 

0,70

5 

0,73

9 

0,39

6 

0,39

7 

0,38

4 
0,5 

0,55

8 

0,15 NONE 0,58 
0,61

7 

0,14

8 

0,67

6 
0,15 

0,39

9 

0,40

7 

0,50

8 
0,48 

0,58

4 

0,15 RUSBoost 
0,72

5 
0,78 

0,79

6 

0,81

8 

0,82

9 

0,54

5 

0,67

5 

0,69

7 

0,69

9 

0,72

5 

0,15 SMOTE 
0,67

7 
0,73 

0,75

3 

0,76

6 

0,76

8 

0,45

8 

0,54

6 
0,58 

0,59

5 

0,60

8 

0,15 
SMOTEBoos

t 
0,68 

0,73

1 

0,75

4 

0,76

7 

0,76

8 

0,45

8 

0,54

8 

0,58

1 

0,59

6 

0,60

8 

0,25 NONE 
0,61

9 

0,24

7 

0,68

8 

0,24

9 

0,71

2 

0,44

9 
0,53 

0,53

2 

0,59

3 

0,57

9 

0,25 RUSBoost 
0,71

7 

0,75

5 
0,78 

0,78

8 

0,80

8 

0,65

9 

0,68

4 

0,70

4 
0,71 

0,70

4 

0,25 SMOTE 
0,72

6 

0,75

2 

0,77

8 
0,79 

0,80

3 

0,57

7 

0,61

9 

0,65

5 

0,66

8 

0,68

2 

0,25 
SMOTEBoos

t 

0,72

5 

0,75

2 

0,77

8 
0,79 

0,80

3 

0,57

5 
0,62 

0,65

5 

0,66

8 

0,68

2 

0,3 NONE 
0,29

5 

0,67

9 

0,29

9 

0,71

8 

0,72

5 

0,52

4 

0,53

7 

0,62

4 

0,60

3 

0,61

6 

0,3 RUSBoost 
0,72

5 
0,75 

0,77

2 

0,77

6 

0,79

7 

0,64

5 

0,68

9 

0,71

2 

0,72

7 

0,72

7 

0,3 SMOTE 
0,72

6 

0,75

4 

0,77

8 

0,79

2 

0,80

2 

0,60

8 
0,65 

0,68

4 

0,70

1 

0,71

6 

0,3 
SMOTEBoos

t 

0,72

8 

0,75

4 

0,77

9 

0,79

1 

0,80

2 

0,61

1 
0,65 

0,68

4 

0,70

1 

0,71

6 

CAR

T 

0,1 NONE 
0,51

9 
0,56 

0,57

7 

0,09

9 

0,60

5 

0,32

2 

0,31

7 
0,32 

0,33

2 

0,34

2 

0,1 RUSBoost 0,5 
0,68

9 
0,71 

0,73

8 
0,75 0 

0,45

9 

0,49

1 
0,57 

0,59

2 

0,1 SMOTE 
0,57

1 
0,61 

0,58

4 

0,62

4 

0,64

3 

0,31

1 

0,32

4 

0,30

7 

0,35

5 

0,38

3 

0,1 
SMOTEBoos

t 

0,57

1 

0,59

5 

0,56

3 

0,62

1 

0,64

4 

0,24

7 

0,25

3 
0,19 

0,32

6 

0,37

9 
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0,15 NONE 0,54 
0,56

6 

0,14

8 

0,60

2 
0,15 

0,35

3 

0,33

7 
0,53 

0,35

2 

0,57

3 

0,15 RUSBoost 
0,65

4 
0,72 

0,74

8 

0,77

1 

0,79

1 

0,39

3 

0,57

3 

0,65

8 

0,66

8 

0,69

6 

0,15 SMOTE 
0,65

4 

0,71

4 

0,74

5 

0,76

4 

0,76

7 

0,41

4 

0,51

6 

0,56

5 
0,59 

0,60

1 

0,15 
SMOTEBoos

t 

0,65

1 

0,71

1 

0,74

1 

0,76

1 

0,76

5 

0,37

4 

0,50

1 

0,55

6 

0,58

5 

0,59

9 

0,25 NONE 
0,57

9 

0,24

7 

0,61

5 

0,24

9 

0,63

7 

0,40

6 

0,51

2 

0,41

6 

0,58

1 

0,44

4 

0,25 RUSBoost 
0,64

3 

0,70

7 

0,72

3 

0,74

1 

0,75

8 

0,52

6 

0,60

4 
0,64 

0,68

6 

0,69

3 

0,25 SMOTE 
0,68

3 

0,71

2 
0,73 

0,74

2 

0,75

3 

0,49

5 

0,55

5 

0,58

5 

0,60

5 

0,61

6 

0,25 
SMOTEBoos

t 

0,67

6 
0,71 

0,72

9 

0,74

2 

0,75

4 
0,46 

0,55

5 

0,58

8 

0,60

4 

0,61

6 

0,3 NONE 
0,29

5 

0,61

6 

0,29

9 

0,64

4 

0,65

3 

0,49

6 

0,45

4 

0,58

3 
0,48 

0,49

6 

0,3 RUSBoost 
0,64

6 

0,70

2 

0,72

2 

0,73

7 
0,75 

0,50

1 

0,59

2 

0,62

5 

0,66

6 

0,68

9 

0,3 SMOTE 0,68 
0,71

4 

0,73

5 

0,75

3 

0,76

2 

0,53

9 

0,59

4 

0,62

2 

0,64

6 

0,65

8 

0,3 
SMOTEBoos

t 

0,67

6 

0,71

2 

0,73

3 

0,75

2 

0,76

2 

0,55

8 

0,59

1 

0,61

9 

0,64

6 

0,65

8 

RF 

0,1 NONE 
0,56

6 
0,6 

0,61

4 

0,09

9 

0,64

1 

0,38

8 

0,32

9 

0,34

2 

0,37

5 

0,40

6 

0,1 RUSBoost 
0,73

5 

0,78

8 

0,79

6 

0,81

3 

0,82

8 

0,49

7 

0,61

4 

0,64

3 

0,67

6 

0,69

2 

0,1 SMOTE 0,59 
0,64

1 

0,62

5 

0,67

1 

0,69

3 

0,37

4 

0,38

2 

0,35

1 

0,44

5 

0,48

4 

0,1 
SMOTEBoos

t 

0,59

1 

0,63

1 

0,61

7 

0,66

4 

0,68

6 

0,32

4 

0,35

7 

0,33

1 

0,43

2 

0,47

3 

0,15 NONE 
0,58

7 

0,60

9 

0,14

8 

0,63

4 
0,15 

0,35

9 

0,34

1 

0,45

9 

0,39

9 

0,54

5 

0,15 RUSBoost 0,68 
0,74

3 

0,77

5 

0,80

5 

0,82

1 

0,48

6 

0,63

1 

0,67

5 

0,68

8 

0,70

7 

0,15 SMOTE 
0,63

7 

0,70

7 

0,73

2 

0,75

4 

0,76

2 

0,39

2 

0,50

4 

0,54

8 

0,57

8 

0,59

4 

0,15 
SMOTEBoos

t 

0,63

1 

0,69

8 

0,72

7 

0,75

1 

0,75

6 

0,36

1 

0,48

5 
0,54 

0,57

5 

0,58

4 

0,25 NONE 
0,62

7 

0,24

7 

0,65

4 

0,24

9 

0,67

8 

0,41

1 

0,47

1 
0,47 

0,58

1 

0,51

9 

0,25 RUSBoost 
0,67

1 

0,72

5 

0,75

7 

0,77

5 

0,79

4 

0,59

2 

0,65

1 

0,68

4 

0,69

9 

0,70

2 

0,25 SMOTE 
0,67

7 

0,72

4 

0,75

2 

0,76

7 

0,78

2 

0,49

7 
0,58 

0,62

2 

0,64

2 

0,66

1 

0,25 
SMOTEBoos

t 

0,67

4 

0,72

4 
0,75 

0,76

7 

0,78

2 

0,48

7 

0,57

6 

0,61

8 

0,63

9 

0,65

9 

0,3 NONE 
0,29

5 

0,65

8 

0,29

9 
0,68 

0,69

1 

0,42

3 

0,49

7 

0,59

3 

0,54

2 
0,56 

0,3 RUSBoost 
0,67

1 

0,72

1 

0,75

1 

0,76

4 

0,78

3 

0,59

5 

0,65

2 

0,68

7 

0,70

4 

0,71

5 

0,3 SMOTE 
0,69

1 

0,73

1 

0,75

8 

0,77

4 

0,78

7 

0,55

8 

0,61

9 

0,65

7 

0,67

7 

0,69

5 

0,3 
SMOTEBoos

t 
0,69 

0,73

3 

0,75

9 

0,77

7 

0,79

1 

0,57

3 

0,61

7 

0,65

5 

0,67

7 

0,69

5 
CM: Classification Methods 
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High-level correlation ; 

The effect on the classification accuracy of the RUSBoost algorithm (nearly 80%) was higher than SMOTE and 

SMOTEBoost when the imbalance ratio was 10%  (Table 5). 

As the imbalance ratio was decreased, the effects of the classification methods of the 3 algorithms on the 

classification accuracies were becoming similar. 

Table 5: High-level correlation results. 

CM 
Minority/Sampl

e size 
Algorithms 

Performance Measures 

Balanced Accuracy F-Measure 

100 250 500 1000 2000 100 250 500 1000 2000 

SVM 

0,1 NONE 
0,09

1 

0,09

5 

0,51

1 

0,79

2 
0,1 

0,52

8 

0,57

4 

0,16

3 

0,69

2 

0,69

9 

0,1 RUSBoost 
0,72

7 

0,79

5 

0,80

6 

0,80

9 

0,80

7 

0,62

8 

0,74

8 

0,80

3 

0,81

5 

0,82

8 

0,1 SMOTE 
0,65

3 

0,76

6 

0,79

4 

0,79

6 

0,79

4 

0,52

7 

0,60

9 

0,68

2 

0,69

1 

0,69

4 

0,1 
SMOTEBoos

t 

0,65

2 

0,76

7 

0,79

4 

0,79

6 

0,79

4 
0,51 

0,60

9 

0,68

2 

0,69

1 

0,69

4 

0,15 NONE 
0,64

3 

0,70

9 

0,72

1 

0,72

4 
0,72 

0,49

3 

0,55

3 

0,59

7 

0,61

1 

0,60

7 

0,15 RUSBoost 
0,72

2 

0,78

7 
0,8 

0,81

1 

0,82

5 

0,60

3 
0,71 

0,74

3 
0,8 0,84 

0,15 SMOTE 
0,69

8 

0,74

2 

0,74

5 

0,73

8 

0,74

1 

0,51

7 

0,57

7 

0,58

9 

0,59

8 

0,60

5 

0,15 
SMOTEBoos

t 

0,69

7 

0,74

1 

0,74

4 

0,73

8 

0,74

1 

0,51

1 

0,57

7 

0,58

8 

0,59

8 

0,60

5 

0,25 NONE 
0,24

1 

0,72

2 

0,24

9 

0,74

7 
0,25 

0,55

2 

0,58

5 

0,61

2 

0,63

2 
0,64 

0,25 RUSBoost 
0,75

4 

0,81

8 
0,84 

0,84

9 

0,85

1 

0,69

6 

0,70

8 

0,71

7 

0,72

2 

0,71

4 

0,25 SMOTE 
0,75

6 

0,79

9 

0,81

1 

0,82

1 

0,83

5 

0,61

9 

0,66

9 

0,67

8 

0,68

7 

0,69

5 

0,25 
SMOTEBoos

t 

0,75

9 
0,8 

0,81

1 

0,82

1 

0,83

5 

0,62

4 

0,67

2 

0,67

8 

0,68

7 

0,69

5 

0,3 NONE 
0,29

5 

0,74

7 

0,29

9 

0,29

9 

0,75

9 

0,60

3 

0,64

4 

0,65

7 

0,66

3 

0,66

6 

0,3 RUSBoost 
0,76

4 
0,82 

0,83

6 

0,84

5 
0,3 

0,69

1 
0,74 

0,74

5 

0,75

2 

0,74

9 

0,3 SMOTE 
0,77

5 

0,81

7 

0,82

7 
0,84 0,3 

0,67

3 

0,72

5 

0,73

4 

0,74

6 

0,74

7 

0,3 
SMOTEBoos

t 

0,77

8 

0,81

8 

0,82

7 
0,84 0,3 

0,67

7 

0,72

8 

0,73

3 

0,74

6 

0,74

7 

CAR

T 

0,1 NONE 
0,09

1 

0,09

5 

0,51

4 

0,79

7 
0,1 0,5 0,67 

0,21

9 

0,69

9 

0,70

2 

0,1 RUSBoost 0,5 0,79 
0,80

6 

0,80

8 
0,81 0 

0,71

8 

0,78

4 

0,80

6 

0,81

9 

0,1 SMOTE 
0,70

5 

0,78

4 

0,79

8 

0,79

7 

0,79

4 

0,50

8 

0,62

6 

0,67

8 

0,68

8 

0,68

7 

0,1 
SMOTEBoos

t 

0,70

2 

0,78

3 

0,79

6 

0,79

6 

0,79

2 
0,45 

0,61

7 

0,67

2 

0,68

6 

0,68

3 

0,15 NONE 0,61 0,71 0,72 0,72 0,72 0,55 0,58 0,60 0,61 0,60
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5 3 5 4 1 8 9 6 3 9 

0,15 RUSBoost 
0,71

2 

0,78

8 

0,80

4 

0,81

3 

0,82

4 

0,49

4 

0,68

2 

0,76

1 

0,80

9 

0,89

1 

0,15 SMOTE 0,72 
0,75

1 

0,74

7 

0,73

8 

0,73

8 

0,52

7 

0,57

7 

0,59

2 

0,59

7 

0,61

3 

0,15 
SMOTEBoos

t 

0,69

9 

0,75

3 

0,74

9 
0,74 0,74 

0,45

9 

0,58

2 

0,59

9 

0,60

1 
0,62 

0,25 NONE 
0,24

1 
0,74 

0,24

9 

0,75

1 
0,25 

0,60

8 

0,61

8 
0,63 

0,63

8 
0,64 

0,25 RUSBoost 
0,72

8 

0,82

5 

0,82

9 

0,83

8 

0,84

5 

0,63

7 

0,69

5 

0,69

5 

0,70

1 

0,69

8 

0,25 SMOTE 
0,77

7 
0,82 

0,82

7 

0,83

2 

0,84

9 

0,63

7 

0,68

2 

0,68

5 

0,69

2 

0,70

1 

0,25 
SMOTEBoos

t 

0,77

1 

0,81

5 

0,82

5 

0,83

2 

0,84

8 

0,62

4 

0,67

6 

0,68

4 

0,69

2 
0,7 

0,3 NONE 
0,29

5 

0,76

1 

0,29

9 

0,29

9 

0,77

1 

0,63

7 

0,66

3 

0,66

4 

0,65

9 
0,68 

0,3 RUSBoost 
0,74

6 
0,82 

0,82

1 

0,83

4 
0,3 

0,63

7 

0,72

1 

0,72

2 

0,73

5 

0,73

8 

0,3 SMOTE 
0,78

9 

0,82

9 

0,83

7 

0,84

3 
0,3 

0,68

5 

0,73

3 

0,74

1 

0,74

8 

0,74

8 

0,3 
SMOTEBoos

t 

0,78

2 
0,82 

0,83

4 

0,84

2 
0,3 

0,67

3 
0,72 

0,73

8 

0,74

7 

0,74

7 

RF 

0,1 NONE 
0,09

1 

0,09

5 

0,52

9 

0,78

5 
0,1 

0,51

4 

0,59

7 

0,18

9 

0,67

9 

0,69

2 

0,1 RUSBoost 
0,72

6 

0,78

6 

0,80

5 

0,81

1 

0,80

7 

0,56

1 

0,71

5 

0,77

5 

0,78

6 

0,80

6 

0,1 SMOTE 
0,67

4 

0,76

7 

0,78

7 

0,79

3 

0,79

2 

0,50

7 

0,59

7 

0,65

4 

0,66

6 
0,68 

0,1 
SMOTEBoos

t 

0,66

3 

0,76

5 

0,78

6 

0,79

2 

0,79

2 

0,44

3 

0,58

9 

0,65

2 

0,66

4 

0,67

7 

0,15 NONE 
0,61

7 
0,72 

0,72

4 

0,72

5 

0,72

1 

0,47

8 

0,57

7 
0,6 

0,61

1 

0,60

8 

0,15 RUSBoost 
0,72

6 

0,78

7 

0,80

8 

0,80

9 

0,81

6 

0,58

8 

0,71

1 

0,75

7 

0,78

4 

0,78

8 

0,15 SMOTE 
0,68

6 

0,73

8 

0,74

1 

0,73

8 

0,74

3 
0,49 

0,56

6 

0,58

4 

0,59

2 

0,59

8 

0,15 
SMOTEBoos

t 

0,67

5 

0,73

6 

0,73

7 

0,73

5 

0,73

9 

0,44

4 

0,56

3 

0,57

4 

0,58

3 

0,58

5 

0,25 NONE 
0,24

1 
0,72 

0,24

9 

0,72

7 
0,25 0,52 

0,57

6 

0,58

7 

0,59

8 

0,60

6 

0,25 RUSBoost 
0,74

5 

0,81

6 

0,82

8 

0,83

6 

0,84

2 
0,67 

0,70

5 

0,71

5 

0,72

1 

0,71

8 

0,25 SMOTE 
0,74

7 

0,78

8 
0,79 

0,79

8 

0,81

3 

0,60

1 

0,65

8 

0,66

2 

0,67

1 

0,68

3 

0,25 
SMOTEBoos

t 

0,74

3 

0,79

1 
0,79 

0,79

8 

0,81

4 

0,59

1 

0,66

1 

0,66

1 
0,67 

0,68

3 

0,3 NONE 
0,29

5 

0,75

6 

0,29

9 

0,29

9 
0,77 

0,57

6 

0,65

4 

0,67

1 

0,67

6 
0,68 

0,3 RUSBoost 0,75 
0,80

9 

0,82

1 

0,83

4 
0,3 

0,68

2 

0,73

3 

0,73

8 

0,74

6 

0,74

7 

0,3 SMOTE 
0,76

8 

0,80

5 

0,80

9 

0,82

6 
0,3 

0,66

3 

0,71

2 

0,71

8 

0,73

4 

0,73

7 

0,3 
SMOTEBoos

t 

0,76

8 

0,80

6 

0,80

9 

0,82

6 
0,3 

0,66

1 

0,71

2 

0,71

7 

0,73

5 

0,73

8 
CM: Classification Methods 
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Real dataset correlation; 

Similar results were found with the results of the level of medium correlation (Table 6). RUSBoost's effect was 

greater than SMOTE and SMOTEBoost algorithms.  

Table 6: Real dataset correlation results. 

CM 
Minority/Sampl

e size 
Algorithms 

Performance Measures 

Balanced Accuracy F-Measure 

100 250 500 1000 2000 100 250 500 1000 2000 

SVM 

0,1 NONE 
0,57

8 

0,64

6 

0,67

6 

0,09

9 

0,70

6 

0,45

8 

0,44

9 

0,47

4 

0,50

9 

0,53

7 

0,1 RUSBoost 
0,77

4 

0,79

5 

0,82

7 

0,84

1 

0,85

4 

0,55

8 

0,67

7 

0,70

2 

0,70

4 

0,73

3 

0,1 SMOTE 
0,64

4 

0,73

6 

0,73

1 

0,75

7 

0,75

7 

0,44

7 

0,52

8 

0,53

3 

0,56

9 

0,58

3 

0,1 
SMOTEBoos

t 

0,64

9 

0,73

9 

0,73

1 

0,75

7 

0,75

7 

0,44

8 

0,53

2 

0,53

3 

0,56

9 

0,58

3 

0,15 NONE 
0,13

8 

0,14

6 

0,14

8 

0,14

9 

0,70

4 

0,42

8 

0,45

2 

0,48

5 

0,51

9 

0,54

4 

0,15 RUSBoost 
0,74

7 

0,79

4 

0,77

9 

0,81

2 

0,81

9 

0,58

8 

0,67

4 

0,67

6 

0,70

7 

0,71

7 

0,15 SMOTE 
0,69

7 

0,71

9 

0,71

7 

0,75

3 
0,76 

0,50

5 

0,51

7 

0,53

2 

0,58

8 

0,59

8 

0,15 
SMOTEBoos

t 

0,69

7 

0,71

8 

0,71

5 

0,75

3 
0,76 

0,50

2 

0,51

7 
0,53 

0,58

9 

0,59

9 

0,25 NONE 
0,64

2 

0,24

7 

0,69

1 

0,24

9 

0,71

1 
0,48 

0,50

5 

0,53

9 

0,56

8 
0,58 

0,25 RUSBoost 
0,73

3 

0,74

5 

0,75

9 

0,77

2 

0,78

3 

0,65

9 

0,65

3 

0,66

9 
0,7 

0,70

4 

0,25 SMOTE 
0,71

5 

0,72

7 

0,74

7 

0,74

6 

0,76

4 

0,55

9 

0,58

3 

0,61

3 

0,61

7 
0,64 

0,25 
SMOTEBoos

t 

0,71

6 

0,72

6 

0,74

7 

0,74

6 

0,76

4 

0,55

9 

0,58

2 

0,61

3 

0,61

7 
0,64 

0,3 NONE 
0,64

6 

0,68

5 

0,70

1 

0,71

4 
0,3 

0,49

6 

0,54

2 

0,57

4 

0,59

7 

0,61

1 

0,3 RUSBoost 0,72 
0,74

1 

0,75

3 

0,76

2 

0,77

3 

0,62

2 

0,66

3 

0,66

6 
0,69 

0,69

8 

0,3 SMOTE 
0,70

6 
0,73 

0,74

9 

0,75

2 

0,76

5 

0,57

5 

0,61

7 

0,64

3 

0,64

9 

0,66

5 

0,3 
SMOTEBoos

t 

0,70

2 
0,73 0,75 

0,75

2 

0,76

5 

0,57

7 

0,61

8 

0,64

4 

0,64

9 

0,66

5 

CAR

T 

0,1 NONE 
0,51

1 

0,57

8 
0,59 

0,09

9 

0,64

4 

0,38

3 

0,34

8 

0,35

7 

0,38

2 

0,41

8 

0,1 RUSBoost 0,5 
0,74

9 

0,73

9 

0,76

3 

0,77

7 
0 

0,55

2 

0,54

3 

0,55

7 

0,61

8 

0,1 SMOTE 0,62 
0,67

9 

0,68

9 

0,70

4 

0,69

5 

0,39

5 

0,41

8 

0,43

4 

0,45

2 

0,46

8 

0,1 
SMOTEBoos

t 

0,64

5 

0,68

3 

0,67

5 

0,70

3 

0,69

6 

0,34

1 

0,40

3 

0,39

2 
0,45 
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CM: Classification Methods 

5.2. Real Datasets Results 

The results for real data sets were given in Table 7. According to the results, Balanced Accuracy was higher 



International Journal of Sciences: Basic and Applied Research (IJSBAR) - Volume 70, No  1, pp 238-253 

251 

than F-Measure in each dataset. When looking at the formula for the Balanced Accuracy measure, it is only 

calculated from the values of sensitivity and specificity, not affected by prevalence. The F-measure value takes 

into account the prevalence. Therefore, we considered the F-measure when interpreting the results. 

The effect on the classification accuracy of the algorithms used is clearly seen in Table 7. The effect on the 

classification results of the algorithms used in datasets with high imbalanced was found to be similar.  As the 

imbalance rate decreases, RUSBoost’s effect increases comparing to other techniques (SMOTE and 

SMOTEBoost). 

Table 7: Real Datasets Results. 

Datasets Algorithms 

SVM CART RF 

Balanced 

Accuracy 

F-

Measure 

Balanced 

Accuracy 

F-

Measure 

Balanced 

Accuracy 

F-

Measure 

Abalone 

NONE 0.500 NA 0.581 0.267 0.623 0.375 

SMOTE 0.583 0.286 0.578 0.250 0.576 0.375 

SMOTEBoost 0.583 0.286 0.655 0.250 0.662 0.235 

RUSBoost 0.812 0.286 0.709 0.250 0.682 0.235 

Fertility 

NONE 0.500 NA 0.500 NA 0.667 0.500 

SMOTE 0.423 NA 0.404 NA 0.404 NA 

SMOTEBoost 0.647 0.400 0.500 0.182 0.647 0.500 

RUSBoost 0.500 0.400 0.500 0.182 0.622 0.500 

Thoracic 

Surgery 

NONE 0.500 NA 0.500 NA 0.500 NA 

SMOTE 0.451 0.113 0.547 0.268 0.514 0.248 

SMOTEBoost 0.416 0.113 0.520 0.268 0.533 0.269 

RUSBoost 0.539 0.113 0.551 0.261 0.548 0.269 

Hepatitis 

NONE 0.500 NA 0.500 NA 0.767 0.667 

SMOTE 0.833 0.800 0.642 0.400 0.895 0.667 

SMOTEBoost 0.833 0.800 0.642 0.400 0.921 0.667 

RUSBoost 0.733 0.800 0.658 0.400 0.796 0.600 

Blood 

Transfusio

n 

NONE 0.625 0.410 0.500 NA 0.615 0.404 

SMOTE 0.553 0.247 0.540 0.219 0.593 0.366 

SMOTEBoost 0.553 0.247 0.540 0.219 0.597 0.366 

RUSBoost 0.730 0.477 0.666 0.505 0.621 0.582 

Alzheimer 

NONE 0.560 0.364 0.476 0.200 0.595 0.400 

SMOTE 0.679 0.571 0.679 0.571 0.679 0.400 

SMOTEBoost 0.679 0.571 0.679 0.571 0.679 0.571 

RUSBoost 0.631 0.571 0.536 0.571 0.488 0.571 

Pima 

Diabetes 

NONE 0.667 0.517 0.673 0.551 0.679 0.548 

SMOTE 0.731 0.641 0.712 0.613 0.763 0.683 

SMOTEBoost 0.731 0.641 0.673 0.613 0.750 0.683 

RUSBoost 0.744 0.641 0.712 0.613 0.788 0.683 

NA (Not Available): The F-measure value could not be calculated because the sensitivity values were zero. 

6. Discussion 

In this research, the data sets obtained by the simulation study and the real data sets were studied. The results of 

different classification methods in two-class datasets were evaluated on the Balanced Accuracy and F-measure 

used as performance measures. In most studies in the literature, algorithms have been evaluated on real data 

sets. Therefore, there is no study similar to the simulations discussed in this study in the literature. In 2002, 
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Chawla and his colleagues [1] they tried to increase the number of minority class observations by producing 

new (artificial) observations on the minority class by following a different approach with the SMOTE algorithm. 

On the other hand, in 2010 Seiffert and his colleagues [6] showed that drawing samples from the majority class 

to the minority class with the RUSBoost algorithm gives better results. In our simulation study, the RUSBoost 

algorithm is among the algorithms that give good results in 4 different correlation structures. In addition, 

Seiffert and his colleagues [6] showed that RUSBoost gives results in a short time in the background according 

to SMOTE and SMOTEBoost algorithms.  

7. Conclusion 

The problem of class imbalance is an important issue in machine learning. There are many studies on this 

subject. The number of researches is increasing day by day and new algorithms are proposed. A few of them 

have worked both of real datasets and simulation, however, these simulation studies were not examined under 

correlation structures. A simulation study was carried out with different sample size, correlation structure and 

class imbalance ratios from these studies. These effects affect the accuracy of classification. We tried to show 

the validity of algorithms which are using for class imbalance problem in a simulation study. 

As a result, if algorithms were not used, they would not be able to correctly classify them, so they would be 

misclassified. Also, accuracy of classification was significantly lower. According to simulation and real 

dataset’s results, imbalanced was decreased or eliminated and performance measures increased.  Accordingly, it 

is necessary to look at the imbalance at the beginning of the study and use data balancing algorithms if there is 

an imbalance.  

There was no highly correlated data in real dataset, high correlation data in real datasets could also be included 

in the study. Studies can be extended for multiclass datasets and algorithms can be applied to gene datasets as 

well. In our simulation study, the relationships between independent variables were evaluated as low, medium 

and high. Apart from this, the relationship structures that are not taken into account can also be examined. 
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