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1. Title of the Thesis and Abstract 

1.1. Title of the Thesis 

Improved Classification Technique for Unbalanced Data. 

1.2. Abstract 

Unbalanced data learning has resided among the top research area for many decades. Even after a 

decade of work, conventional algorithms show poor accuracy in unbalanced data classification. Most 

of the existing researches on unbalanced data learning are based on sampling techniques that have 

drawbacks like loss of information, increase learning time, and over-fitting. Accurate prediction of 

the minority class is important in the unbalanced medical dataset. Traditional classifiers are designed 

to improve accuracy by giving priority to the majority class. Even though they misclassify the 

minority cases, the accuracy measure does not reflect this. Existing unbalanced data learning 

strategies are further hampered by a lack of acceptable performance metrics. When the 

misclassification cost of the minority class is high, research should focus on reducing the total 

misclassification cost rather than just improving the accuracy. In recent times cost-sensitive 

unbalanced data learning resides among the top research interest area. This research proposed new 

cost-sensitive classification algorithms that reduce the total misclassification cost without 

compromising the minority class accuracy. We use three different approaches, namely cost-sensitive 

learning, ensemble learning, and hybrid technique. 

The decision tree is a widely used machine learning algorithm. However, the information gain and the 

Gini index make the decision tree a majority-biased. Biased splitting measures select the features 

which are biased towards the majority class. To deal with this problem, we proposed a modified 

decision tree algorithms called MiDT that use a proposed cost-sensitive splitting measure called 

Mgini. We also proposed another algorithm called ImbTree which employs a new splitting measure 

called MSplit. The MSplit is derived from the exclusive causes of the minority class. We also 

proposed cost-sensitive ensemble algorithms called RFMgini1 and RFMgini2. Researchers believe 

that the hybridization of cost-sensitive approach and sampling technique can improve the 

performance of unbalanced data classification. We proposed hybridization of our proposed cost-

sensitive algorithms with data oversampling. We also proposed new evaluation measures named 

IRWMean and Bmean which give a proper cost-sensitive evaluation of unbalanced data 

classification. Our proposed model shows good results as compared to the recent studies for medical 

datasets such as detection of breast cancer, new-thyroid, diabetes, mammography, and covid-19. For 

the comprehensive performance evaluation, our proposed models are tested on real-life datasets and 

the result suggests that the proposed ImbTree, MiDT, and cost-sensitive hybrid models give improved 

performance as compared to the other state-of-the-art techniques such as AUC4.5, IGSAGAW-

CSSVM, PSO-SVM, and FOA-SVM.  
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2. A brief description of the state of the art of the research topic 

Unbalanced data have unequal distribution of data among the different categories. It has more number 

of negative instances as compared to the positive instances or vice versa. For instance, in the breast 

cancer dataset, most of the patients are belonging to the benign (negative) and few are belonging to 

the malignant (positive) class [1]. This type of dataset is called an unbalanced dataset. Despite more 

than two decades of studies performed to improve unbalanced data classification, further study is still 

required [2]. 

Machine learning tool has huge potential to be very effective in domain such as medical diagnosis [2–

6]. However, the bottleneck for this is the inefficiency of traditional classification algorithms for 

unbalanced data. Unbalanced data adversely affects the performance of traditional classifiers. Even 

though they exhibit an accuracy of around 90%, they are not considered as an optimal choice for 

unbalanced data [1]. Their 90% of accuracy is due to the accurate classification of the majority class 

[1]. Misclassification of minority class doesn't make a noticeable impact on overall accuracy because 

of less representation in the dataset. Minority instances and especially rare instances are remained 

unnoticed and they are mostly misclassified by the traditional algorithms.  

Lots of studies have been performed to handle the classification of unbalanced data [6–11]. Existing 

studies of unbalanced data are mainly categorized into two groups; data level techniques and 

algorithmic techniques [1]. Data level techniques try to balance the dataset using data sampling 

techniques like over-sampling, under-sampling, and mix-sampling [1,2,7]. Over-sampling replicates 

the minority samples and under-sampling removes the majority samples. In fields like medical 

diagnosis where accurate identification of minority cases is important, the data level sampling is not 

considered as an appropriate solution [1].  

An algorithmic technique involves cost-sensitive classification [1,2,9,11]. The cost-sensitive 

approach is about the reduction of misclassification cost or test cost. In the cancer dataset, the 

misclassification cost of the minority class is huge as compared to the majority class. Thus, to reduce 

the overall misclassification cost, it is important to achieve an accurate prediction of the minority 

class.  

2.1 The traditional approach of unbalanced data classification 

Over the past decade, researchers paid good attention to the classification of unbalanced data and 

proposed many data sampling techniques for binary class unbalanced datasets [1]. However, these 

methods have drawbacks of over-fitting, loss of rare sub-concept, and increase learning time [12–17].  

2.1.1 Data level technique 

Data oversampling and under-sampling are two widely used data sampling techniques. Unbalanced 

data learning reach its first milestone in 2002 when Chawla et al. proposed SMOTE algorithm to 

balance the dataset [18]. Since SMOTE is proposed it is proven one of the game-changer algorithm 
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[19]. SMOTE is considered one of the most influential oversampling algorithms in machine learning 

[20]. SMOTE algorithm and its improved versions are widely used for data oversampling 

[13,18,19,21–23]. As per Herna et al. [12], the SMOTE algorithm suffers from the problem of over-

fitting. So they proposed a new hybrid sampling technique named SCUT (SMOTE and Cluster 

Under-sampling Technique). As per Jiang et al. [22], SMOTE uses the same sampling rate for all 

minority class instances which affects the classification performance. To remove this drawback 

authors had proposed a genetic algorithm based SMOTE (GASMOTE) which determines different 

sampling rates for the different instances.  

Pozzolo et al. [24] propose the theoretical analysis of the impact of under-sampling when the degree 

of imbalance is high. Ahn et al. [25], proposed an under-sampling algorithm based on the 

membership probability to the majority class. Lin et al. [26], proposed clustering-based under-

sampling for unbalanced data classification. As per the authors, traditional under-sampling might 

remove useful information present in the majority class. Authors also admit that the performance of 

the minority class suffers due to the class overlapping, decomposition of the class into small sub-parts 

known as disjuncts and it also increases the variance of the classifier [24,26]. As per the Kaur et al. 

[27], SMOTE is more robust than under-sampling technique such as RUS. 

2.1.2 Algorithmic Technique 

Cost-sensitive learning, ensemble learning, and one-class learning are the algorithmic techniques used 

for unbalanced data classification. Cost-sensitive learning is used to alleviate the problems associated 

with data sampling techniques [1,9,16]. The main aim of cost-sensitive learning is to decrease the test 

cost or misclassification cost [16]. Generally, class unbalance problems do not have defined test costs 

[28]. When the misclassification cost of one class is higher than the other class then it should be 

treated as a cost-sensitive problem [29]. The machine learning algorithm pays penalties for each 

wrong prediction which is referred to as misclassification cost [11,30,31]. Different classes have a 

different costs for wrong prediction [30]. The cost-sensitive classification algorithm should focus on 

the reduction of misclassification cost instead of improving the accuracy [6,29,32]. Specifically for 

medical datasets reduction in misclassification cost is more desirable [6]. However, a cost-sensitive 

approach requires a cost matrix. For the cost matrix, we need to define the cost for each class which is 

difficult and needs domain knowledge [33].  

As per Chen et al. [34], feature selection for unbalanced data had attracted many researchers in recent 

times. They had proposed feature selection on basis of neighborhood rough set for the unbalanced 

data classification. In 2016, Zhang et al. [35], proposed an ensemble technique with data sampling for 

the classification of unbalanced data of sentiment. However, a mere random selection of features does 

not work for most real-world problems [1]. The authors realize the importance of feature selection 
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and mention it in future work. Chomboon et al. [36], state that features selection with oversampling is 

the most optimal technique for unbalanced data classification. 

Liu et al. [11], proposed information gain directed simulated annealing genetic algorithm wrapper 

based cost-sensitive support vector machine (IGSAGAW- CSSVM). As per the author, traditional 

classification algorithms usually aim to increase accuracy instead of working on minimization of 

misclassification costs. Kusuma et al. [37] except that the neural network with back-propagation 

technique suffers from over-fitting. Li et al. [31] proposed a cost-sensitive approach called hybrid 

attribute measure multi-dimensional tree (CHMDT). As per the authors, the decision tree is one of the 

most popular classifiers, however, it does not handle the class unbalanced problem well. The 

information gain is biased towards the majority class [38]. The Gini index gives symmetric behavior 

but the majority class gets more importance due to its dominance in the dataset. The authors found 

that feature selection criteria are important to solve the bias-to-majority class problem. Lee et al. [9], 

proposed new splitting criteria based on the area under the curve (AUCGainRatio). They modified the 

traditional C4.5 decision tree algorithm and used the proposed new splitting measure instead of the 

original gain ratio. The main aim of this study is to maximize the AUC value. But maximization of 

AUC doesn't guarantee improved accuracy of minority class [7,9].  

2.2 Open Issue 

The traditional classifiers don’t perform optimally because they assume symmetric data distribution 

and symmetric misclassification cost [39]. Irrespective of the class label, the conventional 

classification algorithms work with the main aim of reducing the overall false prediction [11,39]. If 

the imbalance ratio is too high then the conventional classifiers can achieve high accuracy by 

focusing only on the majority class and ignoring the minority class [11]. However, research should 

focus on the minimization of misclassification cost instead of just improving the accuracy when the 

cost ratio is high [28,29]. Class overlapping, small disjunction within data, and the high imbalanced 

ratio are major challenges in the reduction of misclassification costs [2,7,19,40]. Researchers believe 

that learning from unbalanced data is still an open challenge for machine learning researchers and yet 

to be properly addressed [2,40]. 

3. Objective, Scope of the work, and problem statement 

3.1 Aim and Research Objectives 

The main aim of this research is to develop improved unbalanced data classification models using 

cost-sensitive, hybrid, and ensemble machine learning techniques. The Ph.D. research work proposes 

to achieve the following objectives: 

• To study and investigate existing researches of the unbalanced data classification. 
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• To define unbiased and minority-sensitive performance evaluation parameters for the unbalanced 

data classification. 

• To study data difficulties that make unbalanced data classification challenging.  

• To develop minority class-sensitive splitting measure for the decision tree algorithm.  

• To develop and investigate cost-sensitive techniques of unbalanced data learning. 

• To develop and investigate hybrid and ensemble unbalanced data classification techniques. 

• To evaluate performance and validate the results with existing state-of-the-art methods. 

3.2 Scope of the research 

The research is performed with the following scope of work: 

Research is focused on binary class datasets. Multi-class datasets are classified by converting them 

into a binary class dataset as per the standard defined process by the researchers. 

3.3 Problem statement 

As per Liu et al. (2019) [11], the traditional classification algorithms usually aim to increase accuracy 

instead of minimizing the misclassification cost. The focused problem statement of this research is:  

“To proposed improved machine learning techniques which alleviate the biasing towards the 

majority class and improves accuracy for the minority class to reduce the overall misclassification 

cost.” 

4. Research contribution 

The main contribution of this research is the cost-sensitive splitting measure for the unbiased decision 

tree, cost-sensitive algorithmic models named MiDT and ImbTree, cost-sensitive ensemble models 

called RFMgini, hybrid models, and two evaluation measures (IRWMean and Bmean) for the 

appropriate performance evaluation of the unbalanced data classification.  

The imbalance ratio based mean called IRWMean is more sensitive to the costly minority class 

prediction rate. For binary class dataset, IRWMean is calculated using Eq. 1.  

IRWMean = (IRC × TN_rate) + (1/IRC × TP_rate) ÷ (IRC + 1/IRC)   (1) 

Here, TN_Rate is minority class accuracy and TP_Rate is majority class accuracy. IRC is the IR-

based misclassification cost. If explicit misclassification cost of minority class is available then it can 

be used as IRC. We also propose a balanced evaluation parameter called B-mean. B-mean is defined 

in Eq. 2. 

B-mean = (((IRC × TN_rate) + (1/IRC × TP_rate) ÷ (IRC + 1/IRC)) + Acc) ÷ 2     (2) 

Here Acc is overall accuracy and the rest of the parameters are the same as defined for the IRWMean 

in Eq. 1. 
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5. The methodology of research. 

 The research methodology comprises the development of new cost-sensitive models for unbalanced 

data classification using new proposed splitting measures. Cost-sensitive ensemble models are 

proposed using the proposed cost-sensitive decision tree. Hybrid models are proposed by combining 

the cost-sensitive models with the data sampling technique. The classification is evaluated using the 

standard measures and with proposed evaluation measures. 

5.1 Mgini – Cost-sensitive splitting measure 

As per Li et al. [31], the attribute selection criteria play an important role in solving the majority-

biased problem, and thus new splitting measure is still expected for the improvement of unbalanced 

data classification.  We proposed a minority-sensitive Gini index called Mgini for the unbalanced 

data. The Mgini increase the possibility of selection of minority class-specific features as splitting 

criteria. Mgini is the cost-sensitive metric. It gives more priority to the costly minority class. For 

balanced misclassification cost, it works the same as the Gini index. 

Mgini v.1 = 1 -                  
   , j = i - 1   (3) 

Pi denotes probability of i
th

 class.    is the misclassification factor of i
th

 class. The misclassification 

factor is derived from the misclassification costs Mci. 

   =          , Mcj > 1, j= i - 1     (4) 

If the misclassification cost is not available then the Mci for the i
th

 class is derived from the class 

distribution weight Wci as shown in Eqs. (5) and (6). 

Wci =          , j ≠ i, j=1- i     (5) 

Here Ci and Cj are the cost of i
th

 and j
th

 class respectively. 

Mci = Wci * 10k        (6) 

Here, k is the smallest integer value that makes min (Wci) > 1.  

The other proposed splitting measures are Mgini v.1.2 and Mgini v.2. Their mathematical equation is 

shown in Fig. 2 and Fig. 3 respectively.  

5.2 MiDT models 

Based on the proposed splitting measures we proposed three cost-sensitive decision tree algorithms 

called MiDT v.1, MiDT v.1.2, and MiDT v.2 for unbalanced data classification. 

As shown in the figure, first the data is pre-processed and training-testing splits are created. To 

identify the splitting feature, Mgini is used. The splitting criteria with the lowest Mgini value are 

selected to split the data and on basis of that new subsets are created. If the termination condition is 

not reached then for each subset the process gets repeated.  
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Figure 1. MiDT v.1 Model. 

 

 

Figure 2. MiDT v.1.2 Model. 

 

 

Figure 3. MiDT v.2 Model. 
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The Mgini behavioral graph is shown in Fig. 4 for the range of the minority (Pmin) and majority 

(Pmaj) class probability. Initially, the Pmaj is close to 1 and Pmin is close to 0. Then after Pmaj gets 

decreases and Pmin gets increases until it reaches close to 1. We observe that in contrast to the 

original Gini index, the Mgini v.2 prefer the subsets having more minority samples by giving a low 

Mgini value when Pmin is high. The Mgini v.2 favors the subsets with more minority class 

representation. The Mgini works well when it is possible to explore splitting criteria that produce data 

subsets with minority class dominance. The proposed Mgini measures are asymmetric whereas the 

Gini index is a symmetric measure.   

 

Figure 4. Behavioral Analysis 

5.3 Ensemble model – RFMgini 

Fig. 5 shows the RFMgini model. As shown in the figure, the RFMgini creates n-bootstrapped 

subsets from the original training dataset for n-MiDT classifiers. To combine the results of all 

classifiers it uses the majority rule technique. We proposed two models: RFMgini v.1 and RFMgini 

v.2. The RFMgini v.1 use Mgini v.1 and RFMgini v.2 use Mgini v.2 as a splitting measure. The 

RFMgini uses a modified version of our proposed model MiDT.  

 

Figure 5. RFMgini Model 

5.4 Hybridization of cost-sensitive and over-sampling techniques 

Researchers believe that classification performance can be improved by combining the sampling 

method with an algorithmic approach [33]. We combine our proposed cost-sensitive algorithms with 
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data oversampling to propose new hybrid models. For oversampling, we used the synthetic minority 

oversampling technique (SMOTE) [18]. Detailed steps of our proposed hybrid approach are given 

below.  

1. Dataset is balanced using oversampling of minority class instances using SMOTE algorithm. 

2. Cost-insensitive hybrid models are proposed by applying the MiDT and RFMgini algorithms 

on balanced data with equal misclassification cost assigned to the minority and majority 

classes. 

3. Cost-sensitive hybrid models are built by combining our proposed cost-sensitive models with 

balanced data.  

a. In contrast to the 1st approach, the higher cost is assigned to the important minority 

class and the lower cost is assigned to the majority class.  

In the cost-sensitive hybrid model, the misclassification cost for each class is determined from the 

misclassification factor derived from the imbalance ratio of the original class distribution. The hybrid 

model is shown in Fig. 6. If minority class is extremely important then the hybridization of 

oversampling and cost-sensitive learning gives more optimal performance.  

 

Figure 6. Hybrid Model of Unbalanced Data Classification. 

5.5 ImbTree model 

The proposed ImbTree algorithm is a cost-sensitive unbalanced data classifier. ImbTree's major goal 

is to keep misclassification costs to a minimum. Fig. 7 depicts the ImbTree model. The model has 

four phases: (1) Data pre-processing (2) Generation of pattern base (3) Derived MSplit for each 

feature-value pair, and (4) Build a minority class sensitive tree and perform classification and 

performance evaluation. 

5.5.1 MSplit 

The proposed MSplit is used as the splitting measure in the ImbTree algorithm. It is defined in Eq. 7. 

MSplit =  
                                                       
                                  

       (7) 
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Figure 7. ImbTree Model 

P stands for pattern base. The pattern base is represented as P = {p1, p2, p3,...., pm} and it is built using 

a causal extraction technique as described by Barot et al. [1]. There are total m patterns from p1 to pm. 

Each Pi is defined as {d1, d2,..., dk} => Ci. K gives the total number of dimensions in pattern Pi and Ci 

is the i
th

 class. The proposed MSplit approach treats the important positive class with extra attention. 

For balanced datasets, the MSplit functions as a classical splitting criterion such as the Gini index. 

However, for an unbalanced dataset, it uses the pattern base to decide the splitting criteria. 

6. Results comparison and discussion 

6.1 Datasets information 

In the primary experiment, we used four datasets as mentioned in Table 1. An experimental study 

with different imbalance ratios helps to verify the robust nature of our proposed algorithms. 

Table 1. Dataset Information 

Sr. No. Name #Attribute #Class #Instance IR ratio (#Maj/ #Min) 

[7] 1 Wisconsin Biopsy Breast Cancer 10 2 699 1.89 

2 Mammography 7 2 11183 42.011 

3 HIV-1 protease data 9 2 1625 3.34 

4 Shuttle 10 2 3316 66.67 

6.2 Comparison of proposed cost-Sensitive MiDT models 

Table 2 shows the result comparison of our three MiDT models. Results suggest that the MiDTv.2 

gives the best performance in the reduction of misclassification costs. 

Table 2. Results Comparison of Proposed MiDT Algorithms 

Dataset Algorithm Accuracy MinAcc MajAcc G-mean Rank as per Recall 

Breast Cancer 

MiDT v.1 94.265 0.946 0.943 0.944 3 

MiDT V.1.2 94.253 0.954 0.936 0.944 2 

Mgini V.2  92.68 0.967 0.908 0.937 1 

Mammography 
MiDT v.1 98.4 0.51 0.991 0.710 2 

MiDT V.1.2 98.3 0.376 0.998 0.612 3 
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Mgini V.2  98 0.56 0.99 0.744 1 

HIV 

MiDT v.1 89.538 0.744 0.936 0.834 3 

MiDT V.1.2 89.723 0.757 0.939 0.843 2 

Mgini V.2  85.78 0.858 0.857 0.857 1 

Shuttle 

MiDT v.1 100 1 1 1 1 

MiDT v.1.2 100 1 1 1 1 

MiDT v.2 98.522 0 1 0 2 

 

Table 3. Ranking of Proposed MiDT Algorithms 

Datasets MiDT v.1 MiDT v.1.2 MiDT v.2 

Breast Cancer 2 2 1 

Mammography 2 3 1 

HIV 3 3 2 

Shuttle 1 1 2 

Avg. Rank 2 2.25 1.5 

We compare each of the proposed algorithms with J48, CART, and SVM and assign a rank to them 

on basis of their performance. Table 3 shows the ranking of the proposed algorithms in comparison to 

traditional classifiers for each dataset. The MiDTv.2 gets the best overall rank of 1.5.  

6.3 State-of-the-art comparison of proposed ImbTree. 

The ImbTree is compared with recent work on medical datasets. We have used breast cancer, new-

thyroid, and diabetes datasets for the comparison with FOA-SVM  [41], PSO-SVM [41], IGSAGAW-

CSSVM [11], and NM-BPNN [20]. 

6.3.1 Comparison with PSO-SVM and FOA-SVM [41] 

Table-4 and Table-5 show the performance comparison of the ImbTree with FOA-SVM and PSO-

SVM [41]. From the results, we found that the ImbTree based tool is the best performer as compared 

to the FOA-SVM and PSO-SVM for all three medical datasets. 

Table 4. Accuracy Comparison Table 5. AUC Comparison 

Dataset PSO-SVM FOA-SVM ImbTree 

Breast Cancer 0.962 0.969 0.965 

New-Thyroid 0.952 0.963 0.965 

Diabetes 0.765 0.774 0.856 
 

Dataset PSO-SVM FOA-SVM ImbTree 

Breast Cancer 0.962 0.968 0.982 

New-Thyroid - - 0.978 

Diabetes 0.714 0.723 0.877 
 

6.3.2 Comparison with IGSAGAW-CSSVM [11] and NM-BPNN [20]  

Table-6 shows the performance comparison of the ImbTree with the IGSAGAW-CSSVM [11] and 

NM-BPNN [20]  for the breast cancer dataset. For the performance comparison, we have used 

accuracy, g-mean, and average misclassification cost (AMC). The ImbTree gives the lowest AMC 

value and best accuracy. The ImbTree is more accurate for the medical datasets we selected for the 

experiment. ImbTree shows good results in terms of overall accuracy and average misclassification 
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cost. The result shows that the ImbTree is capable of having a more balanced performance for both 

the classes and thus successfully reduces the overall misclassification cost. 

Table 6. Comparison of ImbTree, IGSAGAW-CSSVM, and NM-BPNN for the Breast Cancer 

Algorithm Accuracy G-mean AMC 

IGSAGAW-CSSVM 0.958 0.971 0.121 

ImbTree 0.965 0.970 0.074 

NM-BPNN [20] 0.898 - - 

6.3.3 Comprehensive evaluation of all proposed cost-sensitive models 

To perform a comprehensive evaluation of proposed models this section discusses results comparison 

for 13 unbalanced real-life datasets which vary in size and imbalance ratio. The details of the datasets 

are given in Table 7. Table 8 shows the result comparison of MiDTv.1, MiDTv.2, ImbTree and 

AUC4.5 algorithms. The ImbTree outperforms the existing AUC4.5 algorithm and proposed 

MiDTv.1 and MiDTv.2. 

Table 7. Dataset Information 

ID Dataset #min #maj IR 

1 Banknote 610 762 1.24 

2 Car 65 1663 25.58 

3 Diabetes 268 500 1.86 

4 Ecoli 20 316 15.8 

5 ILPD 167 416 2.49 

6 Nursery 330 12630 38.27 

7 Wine-quality Red 18 1581 87.83 

8 Wine-quality white 175 4723 26.98 

9 Yeast 244 1240 5.08 

10 Mammographic Mass 445 516 1.15 

11 tic-tac-toe 332 626 1.88 

12 Credit approval 307 383 1.24 

13 Contraceptive Method Choice 333 1140 3.42 

Table 8. Results Comparison of ImbTree, MiDTv.1, MiDTv.1 and AUC4.5 

 
ImbTree AUC4.5 [9] MiDTv.1 MiDTv.2 

ID Accu Recall AUC TMC Accu Recall AUC TMC Accu Recall AUC TMC Accu Recall AUC TMC 

1 0.988 1 0.99 0.017 0.983 1 0.984 0.025 0.973 0.978 0.974 0.050 0.946 0.977 0.949 0.090 

2 0.999 1 0.996 0 0.972 1 0.986 0.001 0.993 0.861 0.929 3.542 0.985 0.923 0.955 1.968 

3 0.865 0.97 0.889 0.159 0.726 0.64 0.706 0.794 0.722 0.604 0.695 0.852 0.72 0.656 0.705 0.772 

4 0.967 0.85 0.912 2.372 0.982 0.85 0.924 2.371 0.979 0.85 0.918 2.370 0.976 0.85 0.917 2.371 

5 0.797 0.802 0.799 0.574 0.685 0.856 0.735 0.513 0.665 0.227 0.534 1.987 0.639 0.395 0.566 1.611 

6 0.99 0.873 0.933 4.871 0.976 0.936 0.956 2.45 0.986 0.748 0.870 9.626 0.996 0.951 0.974 1.855 

7 0.77 0.389 0.581 53.679 0.949 0.5 0.727 43.917 0.976 0 0.493 87.835 0.980 0 0.495 87.833 

8 0.99 0.966 0.978 0.926 0.67 0.734 0.701 7.191 0.958 0.177 0.582 22.202 0.959 0.154 0.571 22.825 

9 0.917 0.791 0.866 1.074 0.792 0.704 0.756 1.542 0.866 0.487 0.714 2.615 0.833 0.127 0.549 4.441 
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10 0.813 0.784 0.811 0.391 0.811 0.918 0.818 0.338 0.818 0.759 0.814 0.390 0.800 0.8 0.821 0.367 

11 0.948 1 0.96 0.042 0.838 0.694 0.804 0.623 0.876 0.795 0.857 0.428 0.777 0.738 0.768 0.600 

12 0.835 0.782 0.83 0.371 0.82 0.879 0.826 0.333 0.847 0.820 0.845 0.328 0.837 0.837 0.844 0.322 

13 0.822 0.655 0.763 1.22 0.692 0.604 0.661 1.438 0.730 0.324 0.586 2.357 0.746 0.420 0.631 2.030 

6.4 Comparison of proposed cost-sensitive and ensemble algorithms with conventional 

and state-of-the-art techniques 

The proposed cost-sensitive MiDT models, RFMgini and ImbTree are compared with SVM, J48, 

CART, random forest, and AUC4.5 [9]. All the algorithms are applied on 13 datasets and the average 

value of accuracy, recall, TNR, gmean, precision, AUC, IRWMean, and Bmean is calculated. Fig. 8 

shows the average performance comparison. The ImbTree outperforms compared algorithms and 

shows maximum average values of accuracy, recall, gmean, AUC, IRWMean, and Bmean. 

 

Figure 8. Performance Comparison 

6.5 Comparison of cost-sensitive hybrid models with other traditional algorithms based 

hybrid models 

We found that the cost-sensitive hybrid model performs optimally as compared to the cost-insensitive 

hybrid models. So, further experiment and comparative analysis is done with the cost-sensitive hybrid 

model. Table 9 shows the performance ranking assigned on basis of the prediction performance of the 

minority class. Low ranks indicate the most optimal performance and a high rank indicates the worst 

performance. The HybridMiDTv.2 gets an overall rank of 3.23 which is best among the other hybrid 

models. The Hybrid-j48 comes second with 3.82 and HybridRFMgini2 comes third with 3.97.  
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Table 9. Model ranking based on performance for minority class prediction 

Dataset 

Hybrid 

MiDT 

v.1 

Hybrid 

MiDT 

v.2 

Hybrid 

MiDT 

v.1.1 

Hybrid 

MiDT 

v.1.2 

Hybrid 

RFMgini 

1.0 

Hybrid 

RFMgini 

2.0 

Hybrid 

CART 

 

Hybrid 

J48 

 

Hybrid 

SVM 

 

Hybrid 

RF 

 

Banknote 8 2.5 8 10 5 5 8 2.5 1 5 

Car 3.5 3.5 9 3.5 3.5 10 3.5 7 8 3.5 

Diabetes 6 2 10 9 5 1 7 3 8 4 

Ecoli 9 5.5 1 9 5.5 3.5 9 2 3.5 7 

ILPD 6.5 3 10 8 4 1.5 6.5 5 1.5 9 

Nursery 7 1.5 1.5 7 10 3 7 5 4 9 

Winequality Red 5 9 10 5 2 8 5 7 1 3 

Winequality white 4.5 2 10 3 8 1 4.5 6 9 7 

Yeast 4.5 1 6 3 7 10 4.5 2 9 8 

Mammographic Mass 7.5 5 10 9 4 2.5 7.5 2.5 1 6 

tic-tac-toe 5.5 2 10 7 9 3 5.5 1 8 4 

Credit approval 7.5 4 10 5.5 5.5 1 7.5 3 2 9 

Contraceptive Method 

Choice 
7.5 1 2 9 6 3 7.5 5 10 4 

Wisconsin Breast 

Cancer 
8.5 2 10 7 4 1 8.5 6 3 5 

HIV 4.5 1 10 6 7 2 4.5 3 9 8 

Shuttle 6 9 8 6 4 10 6 2 2 2 

Mammography 4.5 1 10 6 7 2 4.5 3 9 8 

Average 6.20 3.23 7.97 6.64 5.67 3.97 6.26 3.82 5.23 5.97 

6.5.1 Cost comparison of best two hybrid models 

The cost-sensitive models aim to reduce the overall cost by providing accurate results for the costly 

minority classes. Fig. 9 shows the cost comparison of top-2 hybrid models. The figure suggests that 

out of 17 datasets, Hybrid MiDTv.2 shows a lower cost for 9 datasets and J48+SMOTE shows a 

lower cost for 8 datasets.  
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Figure 9. Misclassification Cost Comparison of Hybrid MiDTv.2 and J48+SMOTE 

7.  Achievements concerning objectives  

The main objectives of this research work was to devise an unbiased method for the improvement of 

unbalanced data classification that reduces the misclassification cost, and to do unbiased performance 

evaluation. Three different approaches have been proposed to achieve the stated objectives. In the 

first cost-sensitive approach four algorithms are proposed. All proposed models do unbiased learning 

by using proposed cost-sensitive splitting measures. In the second ensemble approach, two algorithms 

are proposed. Finally in the third hybridization approach hybrid model of cost-sensitive algorithm and 

data sampling is proposed. The cost-sensitive technique and hybrid technique show the best 

performance. The proposed Mgini and Msplit splitting measures were found sensitive to the costly 

minority class. The proposed MiDT and ImbTree algorithms are proved unbiased and do accurate 

prediction of minority class even though their less representation in the dataset. The new performance 

evaluation measures IRWMean and B-Mean were found more cost-effective for the proper evaluation 

of cost-sensitive unbalanced data classification. 

8.  Conclusion 
Data level sampling techniques are widely used for unbalanced data for more than two decades. 

However, due to the data difficulties, they are not considered optimal for the unbalance data 

classification. Data difficulties such as high imbalance ratio, class overlapping, small disjuncts 

adversely affect the performance of classification. To improve the performance of unbalanced data 

we used three approaches called cost-sensitive, ensemble, and hybrid learning. Our proposed MiDT 

models show good results for the minority class prediction as compared to traditional decision tree 

algorithms. Our proposed MiDTv.2 get 1
st
 rank and MiDTv.1 ranked 2

nd
 in performance comparison 

with existing CART, J48, and support vector machine. We also proposed RFMgini – a modified 

random forest algorithm that uses our proposed Mgini as a splitting measure. Results suggest that the 

proposed RFMgini has superior results as compared to the traditional random forest algorithm. 

However, the bagging technique used in the random forest model reduces minority class 

representation which degrades the performance of the random forest algorithm. Recently 

hybridization of cost-sensitive and data sampling methods is favored by many researchers. We 

proposed hybridization of proposed cost-sensitive algorithms MiDT and RFMgini. Our proposed 

models show good results and reduce misclassification costs. 

The proposed ImbTree uses causal relationship based weighting parameters to alleviate the majority 

class biasing. Results suggest that the ImbTree gives the best result as compared to the recent cost-

sensitive algorithms such as AUC4.5, PSO-SVM, FOA-SVM, and IGSAGAW-CSSVM. The 
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ImbTree algorithms show the least misclassification cost as compared to the other compared state-of-

the-art algorithms including our proposed MiDT and RFMgini. 
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